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Abstract

In highermammals,theprimaryvisualpathway startswith the(“retinogeniculate”) projectionfrom
the retinato the dorsallateralgeniculatenucleus(dLGN) of the thalamus,which in turn projects
to visual cortex. Although the retinal axonsinitially innervate the dLGN in a relatively disorga-
nizedmanner, they arepreciselyarrangedby maturity. Somedominantfeaturesof thisorganization
emergeonly undertheinfluenceof activity, yet thesefeaturesareestablishedbeforeeye-openingor
photoreceptorfunction. Thecrucialactivity is suppliedby spontaneousburstsof actionpotentials
thatpropagatein wavesacrossthe immatureretinalganglioncell layer thatprojectsto thedLGN.
Under the influenceof retinal activity, the retinal axonssegregateinto eye-specificlayers,on/off
sublayers,andpreciseretinotopicmaps.

This dissertationdescribesa formal computationalframework for modelingandexploring the
activity-dependentdevelopmentof the retinogeniculateprojection. The model is the first to sup-
port the developmentof layers,sublayers,andretinotopy in a unified framework. The model is
constructedso asto be directly biologically interpretableandpredictive. It refinesbasedon real-
istic patternsof wave activity, retinalaxonarborchange,andHebbiansynapticweightchange.In
addition,themodelis relatively tractableto formal analysis.This tractabilitymakesthemodelrel-
atively undemandingto simulatecomputationallyandprovidesanalyticinsight into the dynamics
of themodelrefinement.Severalexperimentalpredictionsthat follow directly from themodelare
described.
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Chapter 1

Intr oduction

It is known thatneuralactivity canchangebrainstructure.Themechanismsinvolvedhave beenex-
ploredat several levelsof analysisandscale:on thescaleof theentireorganism,it hasbeenfound
that ratsrearedin complex environmentshave moreextensive synapticconnectivity in somebrain
areasthanratsrearedin sparseenvironments(Greenoughet al., 1987);on the scaleof individual
neurons,synapticconnectivity hasbeenfoundto changein responseto specificprogramsof stim-
ulation(LTP andLTD, Madisonet al., 1991);andon thescaleof neuralsystems,thereis evidence
that projectionsbetweenbrain areascanbe shapedby patternsof neuralactivity (Goodmanand
Shatz,1993).

This thesisattemptsto formalizethedynamicsof activity-dependentneuralchangein a well-
studiedandunderstoodsystem,the retinogeniculateprojection. The currentmodel is the first to
capturethe activity-dependentdevelopmentof the main retinogeniculatestructures(eye-specific
layers,on/off sublayers,andretinotopicrefinement)in aunifiedframework. Themodelis structured
soasto bebiologically realisticandanalyticallytractablesoasto bemaximally interpretableand
predictive. I’ve chosento model the retinogeniculateprojectionbecauseit providesa wonderful
window into somecomplex developmentalstrategiesthatorganismshaveevolvedto takeadvantage
of neuralactivity.

1.1 Adaptation and Exploitation

Mechanismsof activity-dependentneuralchangearevaluableto anorganism.Mostobviously,
they provide a meansfor adaptationor learning. Throughexperience,the particularsof the envi-
ronmentcangeneratepatternsof neuralactivity thatshapetheprocessingstructureof theorganism,
adaptingthe organism’s behavior patternsto environmentalpressures.Sensitivity to experience
alsohasa lessobvious effect. It allows developmentalprocessesto exploit the structureinherent
in experiencein orderto “cheaply” createusefulneuralstructures.Whereasadaptationallows neu-
ral structuresto take on novel configurationsin responseto novel experience,exploitation allows

1



CHAPTER1. INTRODUCTION 2

neuralstructuresto take on stereotypicalconfigurationsin responseto stereotypicalaspectsof the
environment.1

Onewould expecttheexploitationof experienceto occurif a usefulneuralstructurerobustly
developsfrom the interactionbetweenmechanismsof activity-dependentneuralchangeandexpe-
riencescausedby reliablefeaturesof theenvironment.In thiscase,it is wastefulto spendresources
on building a usefulstructureinsteadof exploiting the environment,assumingthat the organism
alreadyhasmechanismsthat supportactivity-dependentneuralchange.What if a specificsetof
experiences(in combinationwith mechanismsof activity-dependentneuralchange)cangive rise
to a usefulstructure,but the neededexperiencesaren’t reliably provided by the environment? A
counter-intuitive optionis thattheorganismcan“simulate” theexperienceby intrinsically generat-
ing theneededactivity — a viableoption if generatingtheactivity is relatively “cheap” (in terms
of energy andgeneticinformationrequired)comparedto generatingtheresultingstructure.Sucha
situationexistsin thedevelopmentof visualcircuitsandprobablyin many otherneuralstructures.

1.2 Why The RetinogeniculateProjection?

Thecrucialquestionat theonsetof this thesisis: “Why studythedevelopmentof the retino-
geniculateprojectionof ferretsandcats?”

My primaryansweris that thesystemis surprising.It generatesits own activity, activity that
is sensiblein the framework of vision (e.g. spatio-temporallycorrelated).As a result,thesystem
is ableto undergo significantactivity-dependentrefinementbefore visually evoked retinalactivity
is present.As with visualexperience,thestructuraldevelopmentadaptively respondsto alterations
in thenormalcourseof this intrinsically generatedactivity. For example,if this activity is blocked
in oneeye, theprojectionfrom theblockedeyewill decayandthesparedeye’s projectionwill take
over moreterritory.

Thispre-visualperiodof retinogeniculatedevelopmentthusputsastrangeandsignificanttwist
on the relationbetweenintrinsic andextrinsic influences(“natureandnurture”). In this system,
intrinsic factorsexpressthemselvesvia a putatively extrinsic pathway by inducingactivity at the
sensorysurface.Despitetheflexibility that is inherentin this externalexperience-dependent path-
way, astereotypedpathof developmentresults.Importantly, thisstereotypedstructureis notentirely
determinedby intrinsicconstraintsonthefinal form of theprojection.Rather, theform of theintrin-
sically generatedactivity playsa crucial role in shapingthe projection’s developmentandmature
form. In this system,theelegantmechanismsthatallow theorganismto learnandadaptto its en-
vironmentseemto have beenco-optedfor thedevelopmentof a stereotypedsystemby providing a
stereotypedactivity environment.Theretinogeniculatesystemthusprovidesanopportunityto see
acomplex interactionbetweenintrinsicandextrinsic factorsin shapingacomplex neuralcircuit.

1Adaptationandexploitationcorrespondroughlyto “experience-dependent”and“experience-expectant”structurein
Greenoughetal.’s (1987)terminology.
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Fortunately, this systemalsoaffords concreteinvestigationsinto thebalancebetweenthe in-
trinsic andextrinsic factorsbecauseit is a well-studiedanddescribedsystemwith a striking devel-
opmentaltrajectory.

1.3 The Model Domain

The modelsystemis the retinogeniculateprojectionof ferretsandcats. Theseanimalshave
a similar developmentaltime-courseandadult retinogeniculateprojection,but ferretsareborn � 3
weeksearlierthancats( � 1 monthbeforeeye-opening).Becausethey arebornsoimmature,ferrets
areidealexperimentalanimalsfor investigatingvery early(“pre-natal”)development.

Their retinogeniculateprojectionconsistsof the axonsof retinal ganglioncells (RGCs)that
travel throughtheopticnerveandtheoptictractinto thethalamus.They arborizein thedorsallateral
geniculatenucleus(dLGN) of thethalamusandestablishsynapseswith thalamo-cortical/relaycells
aswell as interneuronsthere. In the adult ferret, the axonsfrom the two eyesand the different
cell typesarborizein separatelayersin thedLGN. In addition,neighboringRGCsestablishstrong
synapticconnectivity with neighboringdLGN relaycells,maintaininga preciseretinotopicmapin
thedLGN. This maturestatearisesfrom a muchmoredisorderedinitial state.At birth, eachRGC
axonconnectsto dLGN cells acrosslayers. The axonssegregateinto different layersbeforeeye-
opening. This segregationis activity-dependent,andis supportedby spontaneousretinal activity.
Duringtheperiodof refinement,theRGCsfire spontaneousburstsof actionpotentialswith aspatial
propagationpatternthatresembleswavesof burstingactivity spreadingacrosstheretina.

1.4 Biological Realism

Becausethedevelopingretinogeniculateprojectionis well-studied,themodeldescribedin this
thesiscanbe relatively groundedin biologicaldetail. Hopefully, thebiological realismwill make
themodelmaximallyinterpretableandpredictive. In orderto maketheapproachof themodelmore
concrete,somefeaturesof themodelaresketchedbelow.

1.4.1 RealisticInputs

Becausethe rich spatio-temporalstructureof the retinal activity may play a role in the de-
velopmentof the retinogeniculateprojection,the simulatedinputsarecloselymatchedto in vitro
measurementsof theretinalactivity duringthisperiod.Thespontaneousretinalwavesaresimulated
asif each“unit” in themodelcorrespondsto aneuron.Measurementsof wavespeed,width, height
(i.e. peakfiring rates),andrefractoryperiodsaredirectly translatedinto thesimulatedwave inputs
(seeTable4.1).Incorporatingthesedetailshelpsto constrainparameterchoices.

Becauseof this explicit simulationof thewave speedandrefractoryperiodlength,thereis an
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intrinsic time in themodelthatcorrespondsdirectly to biological time. Roughlythesamenumber
of waveswill occurin 1 weekof intrinsic modeltime aswould occurin 1 weekof biological time
(seeSec.5.1.3for discussionof thispoint in relationto simulationdetails).

1.4.2 SproutingandLateral Interactions

Themodelalsoattemptsto makerealisticassumptionsaboutthemechanismsof activity spread
andsynapticweight changein the dLGN. Traditionalmodelsof activity-dependentdevelopment
make two assumptionsthatareinaccuratein theretinogeniculatesystem.Thefirst is thatthereis an
initial periodof exuberantconnectivity, in which eachinput cell (RGC)connectsto all theoutput
cells. Refinementconsistsof the inappropriatesynapsesdying off and the appropriatesynapses
beingpreserved. In fact,RGCsmaintainarelatively constantandrestrictedaxonalarborwidth in the
dLGN overthecourseof development.Thisfactis somewhatproblematicbecausethereis reasonto
believe thatthearborsmustshift overdevelopment(seeSec.3.3.5).Thecurrentmodelresolvesthis
contradictionby assumingthat theaxonalarborwidth is in a stateof dynamicequilibriumduring
this period,with sproutingprocessesat work concurrentlywith culling processes(seeSec7.2 for
othermodelsthatusesprouting).

In order to ensureglobal organization,modelstraditionally make a secondassumptionthat
lateral interactionsin the output tissue(the dLGN in this case)areexcitatory at short rangeand
inhibitory at long range.Theexcitatoryportionis usuallytakento startoff large— shrinkinggrad-
ually over the courseof development. A literal interpretationof this assumptionis problematic
in thedLGN becauseinhibitory pathwaysareessentiallynon-functionalin thedevelopingdLGN,
andthereis no evidencefor long-rangeexcitatory connectionsat any point in development.The
currentmodelmakestheweaker assumptionof nearestneighborexcitatoryinteractions,andincor-
poratesobservedbiophysicalchangesin dLGN relaycell responsivity in orderto generateeffective
long-rangeinteractionsin thedLGN thatshrinkoverdevelopment.

1.4.3 DetailsMatter

Given that spontaneousactivity playsa role in the developmentof the retinogeniculatepro-
jection, a naturalquestionis: “How?”. This questionis sometimesglossedover in experimental
neurobiology. Theassumptionbeingthatintuition anddemonstratedprinciplesof self-organization
aresufficient to understandtherole of activity in agivensystem.

In fact, it is non-trivial to make a self-organizingmodel capturethe observed structuralre-
finementin a specificsystem,given the anatomicalandphysiologicalconstraintsin that system.
Presumably, in a biologicalsystem,thereis a hierarchyof mechanismsthatareoftenredundantor
balancedagainsteachother. This entirehierarchyconspiresto make therefinementrobust to some
insults,thusinsuringtheproperdevelopmentof key structures,while remainingsensitive to other
influencessoasto make developmentadaptableto unexpectedcircumstances.Understandingand
modelingsuchahierarchyis complex.
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Theoriginal modelsof self-organizationsuggestthatwith appropriatespatio-temporalcorre-
lations in the inputs and appropriatelateral interactionsin the outputs,a systemshouldsupport
self-organization.Thecatchis thatthedetailsmatter. Thereareplentyof intuitively plausiblemod-
els of a given systemthat cannot supportdevelopmentof the observed structures.In fact, after
experimentationwith models,oneoften endsup wonderingif the given mechanismsarecapable
of developingthegivenstructuresat all. What is obviousin principlecanbeextremelydifficult to
rigorouslydemonstratein a particularinstance.For example,why do layerssegregatenearlyper-
fectly? Why doesn’t the retinogeniculateprojectionendup with fracturedor intermingledlayers?
In fact,many modelscanendup with this type of endstate,including thepresentmodelin some
parameterdomains.Thebalancebetweenthedifferentaspectsof themodelis crucial to generate
robustandappropriatedevelopment.

On theflip side,therearemany intuitively plausiblemechanismsthatdo supportappropriate
development,but aresimply not presentin theactualsystem.For example,long-rangeinhibitory
interactionsin the developingdLGN would help supportthe developmentof retinotopy andlayer
segregation, but they are probablytoo weak to be useful at the relevant points in development.
Likewise, negative correlationsbetweenthe eyesor the on/off-centerRGCswould probablyhelp
supportlayer andsublayersegregationin the dLGN, but thesenegative correlationsareprobably
not present.Thegoal of this work is to outline a modelthat worksandis in accordancewith the
biologicalobservations.Thehopeis to usethemodelto gaininsightinto thecrucialfeaturesof the
system,andtheir inter-relations.

1.5 ThesisOrganization

This thesiswill first presentadetailedbiologicalbackgroundof theearlyvisualsystemat ma-
turity andthroughdevelopment(Chs.2-3). Thesechapterscover many biological detailsthat are
peripheralto themodel,but whichareincludedbecausethey couldpotentiallyinfluenceretinogenic-
ulatedevelopment.A brief summaryof thedirectly relevantbiologicalbackgroundis presentedin
Sec.3.5at theendof Ch.3 for thosereaderswho wish to skip thedetailedbackground.Thethesis
thengoeson to describethemodelin depth(Ch.4). Simulationsthatexplore theconvergencebe-
havior of themodelaswell astheimportanceandfunctionof theindividualmodelmechanismsare
presentedin Ch.5. A formal linearanalysisof themodeldynamicsis presentedin Ch.6. Ch.7 is a
brief review of previousmodelswhichconcentrateson their relationsto thecurrentmodel.Finally,
Ch.8 is ageneraldiscussionwith suggestedexperiments.



Chapter 2

Biological Background: Maturity

Thereareafew key structuresin theearlyvisualsystemthatarecentralto thisdiscussion.A picture
of thematurestateof thesestructureswill provideausefulframework for theoutstandingquestions
abouttheirdevelopment.

Thisdescriptionis orderedfrom peripheralto morecentralstructuresin theearlyvisualsystem.
Thusit will proceedfrom thesensorysurface,throughtheretinaloutputs— retinalganglioncells
(RGCs),andeventuallyto theirprimarytarget—thedorsallateralgeniculatenucleus(dLGN) of the
thalamus.Theoverridingfocuswill betheorganizationof thecells,afferentsandintrinsic circuits
in thedLGN.

2.1 The Eye

Thematureretinahasa laminarstructure.Thereceptors(rodsandcones)arefarthestfrom the
backof the eye (“inner”), while the retinal ganglioncells andtheir axonsareclosestto the back
of the eye (“outer”). The bipolar cell bodiesform a layer betweenthe receptorsand the RGCs.
The bipolar cells have their dendritesin the outer plexiform layer and their axonsin the inner
plexiform layer. In eachof theselayersarefeed-forward ribbon synapses.In addition, thereare
laterallymodulatory“surround”circuitsformedby thehorizontalcellsin theouterplexiform layer
andamacrinecells in the inner plexiform layer. Theselateralcircuits arebasedon conventional
synapses(Daw, 1995;ChalupaandWhite,1990;Sterling,1990).

Theoutputcells of the retina,retinalganglioncells (RGCs),aretraditionallyclassifiedmor-
phologicallyas � , � , or � cells (correspondingto theY, X, or W physiologicalclassificationsre-
spectively). � , � and � cells accountfor 5%, 80%, and15% of the RGCsrespectively (Sterling,
1990). The � cellshave a largedendritictree,somaandaxondiameter, andthusarefastwith low
spatialacuity. Becausethe � cells have a smallerdendritic tree,soma,andaxondiameter, they
havebetterspatialacuityandaslower time-course.The � cells(projectingprimarily to thesuperior
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colliculus (SC)) have smallersomasandaxonsandhave a fine andwide dendritic tree,andthey
have a ’sluggish’time-courseandlow spatialacuity(seeSterling,1990for review).

Therearealsoonandoff subtypesof both � and � cells.Cellsin thesesubtypesrespondeither
to a onset(’on-center’)or offset (’off-center’) of a stimulusin the centerof their receptive field.
The on andoff-centerRGCscanbe differentiatedbasedon the locationof their dendriticarbors
within theinner-plexiform layer(IPL) of theretina. Thedendritesof theon-centercellsstratify in
theoutermostportionof theIPL while thedendritesof theoff-centercellsstratify in theinnermost
portion of the IPL. Ignoring the W- cells, the maturecat retina is effectively tiled 4 times,once
eachby the dendritesof the on andoff � andthe on andoff � cells (ChalupaandWhite, 1990).
Thesesubtypesmakeupparallelpathwaysthatremainlargelyseparate— evenupto primaryvisual
cortex.

2.2 Affer ent Projections

Theadultretinasin thecatandferrethave two mainsub-corticalvisualprojections:thesupe-
rior colliculus(SC,termedthe’tectum’ in lower animals)andthedorsallateralgeniculatenucleus
(dLGN). TheSCprojectsto many areasincludingthedLGN andhighervisualareasin thecortex.
ThedLGN providesmostof the input to theprimaryvisualcortex. Theprimaryvisualcortex has
reciprocal(descending)connectionsto boththeSCandthedLGN. Theprojectionfrom theretinato
thedLGN (theretinogeniculatesystem)is partof theprimaryvisualsystemin higheranimalsand
will bethefocusof thispaper.

As in othermammals,thereis partial decussationof RGC axonsin the ferret (Jeffery, 1990;
CucchiaroandGuillery, 1984)andcat (Shatz,1983). The contralateralprojectionis muchlarger
( � 8 times in ferret, ZahsandStryker, 1985),anddevelopsearlier thanthe ipsilateralprojection.
Albino animalshave anamplifiedpatternof decussationwith almostall of theRGCaxonscrossing
at thechiasm(CucchiaroandGuillery, 1984).

2.3 The dLGN

ThedLGN is theprimarytargetof theretinalprojectionin theferretandcat(andotherhigher
mammals). It servesasa “gating station” for the retinal signalsboundfor primary visual cortex
andthehighervisualareas.ThoughthedLGN haslong beenassumedto passively relaytheretinal
signalto corticaltargets,thepredominanceof non-retinalsynapsesandcomplex synapticstructures
involving interneuronssuggestthat it may perform someimportantfunctionsin modulatingthe
retinalsignal.
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2.3.1 LaminarStructure

The maturecat (Sherman,1985) and ferret (Cucchiaroand Guillery, 1984) have a typical
”carnivore” geniculateorganization.ThedLGN is organizedinto 3 main layers:A (farthestfrom
the optic tract, dorsal),A1 and the C group(closestto the optic tract, ventral). The C groupof
laminaeis further subdivided into C, C1, C2, andC3. The afferentsfrom a given eye innervate
roughly every other layer, (Shatz,1983)with almostno overlapat full maturity. Thus, the RGC
axonsfrom thetemporalportionof theipsilateralretinainnervateA1 andC1while thenasalportion
of thecontralateraleye innervatesA, C, andC2. C3 is innervatedby the midbrain(Shermanand
Koch,1990).1

Theshapeandlaminarstructureof thecatandferretdLGN aresomewhatdifferent. Whereas
all thelayersin thecatdLGN spantheentirelengthof thenucleus(seefigure8.3 in (Shermanand
Koch,1990)),only layerA spansall of thenucleusin theferret(seeFig. 4.1,andseeFigs.3 and4
in (Lindenetal.,1981)).This laminarstructurecoincideswith amoreL-shapeddLGN in theferret.
The upperportion of the L (morerostromedial)is innervatedonly by the contralateralretinaand
thelower portionof theL (morecaudolateral)is innervatedin layersby bothretinas(Lindenet al.,
1981). Same-eye “Layers” in the ferret alsoappearlessdistinct than in the cat, i.e. layersA, C
andC2 in theferretareconnectedby a ’bridge’ at themostmedialportionof thenucleus(compare
figures3 & 4 in (Lindenetal., 1981)to figure2 in (ShermanandKoch,1990)).

In both catsandferrets,the axonsof different functionalsubtypesof RGCs(i.e. X, Y, and
W cells or on andoff cells) alsotendto focally arborizein somelayersof the dLGN while only
traversingor simply avoiding other layers. X andY axonsinnervate the A laminae. In cats,Y
axonsinnervatethemostdorsalportionof theC lamina,while theW cellsinnervatethetheventral
portionof C, andall of C1-C3(seefig. 8.3 (ShermanandKoch,1990)). In ferrets,theA laminae
arefurtherdivided into on andoff sublayers.dLGN cellswith on-centerreceptive fieldsandcells
with off-centerreceptive fields (RFs)areprimary locatedin the inner andouterportion of the A
laminaerespectively (Lindenet al., 1981;Shatz,1983;CasagrandeandCondo,1988). Thesesub-
laminaemainly reflectdifferentialinnervationby theX RGCs,whichhave relatively homogeneous
andrestrictedarborizationpatternsrelative to theY RGCs(Roeet al., 1989).

In theferret,thesegregationof axonsis two-fold with eye-specificandfunctional-classspecific
layersforming. Themostrobust,earlyandmarkedsegregationis betweentheafferentsfrom thetwo
eyes.Thatis, theRGCaxonsfrom theeacheye segregateover thecourseof developmentsuchthat
in theadultanimalthey arborizein roughlyalternatinglayers.Axonscrossthelayersinnervatedby
theothereye(if necessary)with aminimalaxonalshaft,rarelyretainingany sidebranches,terminal
boutons,or synapsesin the inappropriatelayers(Shatz,1983;Sretavan andShatz,1986;Sretavan

1Due to considerationsof spaceandcomplexity, I am choosingto ignore the medial interlaminarnucleus(MIN).
TheMIN lies justmedialto thedLGN, is innervatedcompletelyby Y-cellsandhasa laminarstructureexactlyparallelto
dLGN,makingthetwo appearnearlycontinuous(at leastin schematicform — seefigure8.3(ShermanandKoch,1990)).
In my preliminaryinvestigationstheanatomicalseparationof theMIN beliesthelack of idiosyncraticinformationabout
its structureandfunction. I thusconsiderit hereto belargelya physicalextensionof thedLGN.
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andShatz,1987). The result of this selective arborizationof the different functional subclasses
of RGCsis that almostevery relay cell in the dLGN receives input from only one kind of cell
(X/Y andon/off-center)from oneof the two retinas. Only 10% of cells receive mixed X andY
input. Very rarelydocellsreceive binocularinput (andtheseareall locatedat laminarbordersor in
interlaminarzones),andno cells receive input from bothon andoff cells (Archeret al., 1982,and
see(Mastronarde,1992)for detailsof cellswith mixedinput).

2.3.2 RetinotopicMaps

ThedLGN, SC& primaryvisualcortex all receive visualprojectionsin a “retinotopicmap”.
Thatis, nearbycellsin thetissueshave receptive fieldscenteredonnearbypointsin space.Further-
more,thematureretinalprojectionto thedLGN is “sharp” in thateachcell in the recipienttissue
receivesinputfrom oneor asmallnumberof RGCs(Mastronarde,1992;ShermanandKoch,1990).
A measureof thedegreeof retinotopy in themapsis thedegreeof scatterin thereceptive fieldsof
dLGN cellsasonemoveslaterallyacrossthe tissue(i.e. usinganelectrodetrack technique).The
scatterin thepositionof thereceptive fieldsis only .5� of visualangle.Comparablemeasuresfind
10-30� of scatterin SCand20-30� of scatterin theoptictract(Voigt etal.,1983;Sanderson,1971).

ThedLGN in theferretreceivesinput from thecentralandnasalpartof thecontralateralretina
andthe most temporalpart of the ipsilateralretina. Eachof theseprojectionsform a continuous
topographicmapof their portionof the retina. Theseadultmaps,althoughin differentlayers,are
in registersuchthata verticaltrackthroughthedLGN representsa singlepoint in binocularvisual
space.Becausethereis limited binocularoverlapin ferrets(dueto thelateralplacementof theeyes),
thealignmentof RFsin themapsmeansthatthereis only a limited extentto which themapsin the
differentlayersoverlap— namelyin themostmosttemporalportionof theipsilateralretina,which
receives input from the sameportion of the visual field asthe centralportion of the contralateral
retina(seefigure1 in Jeffery, 1990).

The densityof RGCsin the centralretina(areacentralis)is approximately80 timesgreater
thanthedensityin theperipheralretina(ChalupaandWhite,1990).Thisconcentrationof resources
in thecenterof thevisualfield is preserved in theprojectionsto thedLGN, SCandprimaryvisual
cortex wheretheareacentralishasa largely exaggeratedrepresentation,i.e. commandsmany cells,
comparedto anequalareaof retinaltissuein theperiphery.

2.3.3 dLGNrelaycells: Expansionof theX andYpathways

dLGN relay cells are the outputcells of the dLGN, eventuallyprojectingto cortical targets.
dLGN relaycell classificationis usuallyperformedphysiologically(thustheirdesignationasX and
Y cellsversus� and � cells),but they aredifferentiatedmorphologicallyaswell. Theirmorphology
mirrors the morphologyof their inputs in the retina, that is X cells aresmallerandhave thinner
dendritesandaxons.Additionally, theX- cellsareorientedalongprojectionlines(i.e. perpendicular
to laminarboundaries)andhave many dendriticappendages(sitesof synapticglomeruli)whereas
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the Y- cells are more circular and have smootherdendrites(Shermanand Koch, 1990). These
characteristicsreflectthepatternsof physiologyandconnectivity in thesetwo functionalpathways
with X-cells respondingmoreslowly andsynapsingin glomeruli.

dLGN relay cellseventuallyreceive input from oneor a few RGCs(almostalwaysfrom the
samefunctionalclass),andmostcanbeconsideredto inherit their physiologicalpropertiesdirectly
from their inputs (Mastronarde,1992). On the other hand,eachRGC connectsto many dLGN
cells— thusamplifying thenumberof neuronsin thepathway by � 4 � . This fan-outis far more
pronouncedin theY pathway thanin theX pathway. While X RGCsoutnumberY RGCsby more
than10:1, thepercentagesof X andY relaycells in thedLGN areapproximatelyequal(i.e. 45%
each,W cellsbeingtheremaining10%,but seeShermanandKoch,1990for 2:1X:Y figure).This
relative growth of the Y pathway is dueto the extensive fan out from eachY RGC cell to 30-50
dLGN relaycells— ascomparedto 4-5 for eachX RGC.This fanout is reflectedin their relative
arborwidthsandboutonnumbers:X arborsare 100 �
	 wide with 500-1000boutonseach,while
Y arborsare 300 �
	 widewith 800-2000boutons(Sur, 1988).At maturitytheY pathway is much
moreamplifiedthantheX pathway.

In the X subclass,RGCsconnectprimarily to cells with somawithin their afferent arbors,
ratherthanto all cellswith dendritesoverlappingtheirafferents(ShermanandKoch,1990).Further,
RGCsconnectto only a few of the many functionally appropriatedLGN cells within their arbor.
Therefore,theselective connectivity observedfrom RGCsto dLGN cellscannotderive from purely
mechanicalprocesses,ratherit mustalsorely on mechanismsof selective synapseformationand
stabilization(Hamosetal., 1987).

2.3.4 Extra-retinalandIntra-dLGNInfluences

In additionto thefeed-forwardconnectionsfrom theretinalafferentstherearealsolateraland
descendingconnectionsto the dLGN that modulatethe incomingretinal signal. In fact, approxi-
mately90%of thesynapsesto dLGN relaycellsarenon-retinalin origin. 25%of theseconnections
areassociatedwith inhibitory (GABAergic) interneuronsin thedLGN or themidbrain. Up until
the lastyearit wasthoughtthat thecortex suppliesthedominantinput to both interneurons(37%)
anddLGN relay cells (58%) in the dLGN (Montero,1991),but recentevidenceindicatesthat as
many ashalf of thesynapsesthatwerethoughtto becorticalin origin mayactuallyoriginatein the
brainstem(Erisir et al., 1997).

Local Inhibition. Theretinalsynapseson interneuronstendto occuratglomeruli,theaxonal
appendagesinterwovenwith dendriticappendages(95%,Montero,1991).Glomeruliarethesiteof
many of theclassictriadicsynapticstructureswhereanafferentfibersynapsesonarelayneuronand
an interneuron,andthe interneuronsynapseson thesamerelayneuron.Becauseinterneuronsare
very electrotonicallyspread(i.e. partsof thedendritictreeareelectricallyisolatedfrom otherparts
of thearborandthesoma),they arenot goodcandidatesfor wide ranginginhibition. More likely,
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interneurons,andglomeruli in particular, provide a substratefor local computations(Shermanand
Koch,1990).

MediumRangeInhibition. Thereis evidencethattheinhibitory surroundpresentin RGCcell
responsesis accentuatedby surroundinhibition in the dLGN (Eyselet al., 1987;EyselandPape,
1987;Eyselet al., 1986;Sillito andKemp,1983;Singeret al., 1972). This heightenedsurround
inhibition is thought to be responsiblefor the improved spatial resolvingpower of dLGN cells
over andabove theRGCinputs. This addedsurroundinhibition couldstemfrom theconvergence
of severalneighboringRGCsonto individual interneurons(NortonandGodwin,1992;Sillito and
Kemp,1983).Thesepost-synapticinterneuronscanthenserveto inhibit dLGN relaycellsvia either
dendro-dendriticor moretraditionalaxonalconnections(BloomfieldandSherman,1989;Papeand
McCormick, 1995;Montero,1991). The interneuron’s axonterminateswithin its dendriticarbor
(Uhlrich and Cucchiaro,1992) and synapseson relay neurons,and possiblyother interneurons
(seebelow) (PapeandMcCormick, 1995; Williams et al., 1996). This convergencecould serve
to mediatethe inhibition of relay cell firing due to the firing of RGCsneighboringits primary
input RGC.In addition,thereis someconvergenceof interneuronsonto dLGN cells (Uhlrich and
Cucchiaro,1992; Solteszand Crunelli, 1992). This convergencecould mediatethe heightened
surroundinhibition of relaycell firing dueto firing of neighboringinterneurons,whichpresumably
receive inputprimarily from neighboringRGCs.

The interactionsbetweeninterneuronsare relatively unknown. Thereare GABAergic ter-
minals on the dendritesand somaof interneuronsin dLGN, and, becausethe reticular nucleus
thalami/peri-geniculate nucleus(RNT/PGN)2 seemsto selectively innervate relay neurons(Pape
andMcCormick,1995),it hasbeensuggestedthattheseinhibitory terminalslikely arisefrom other
interneurons.

Interneuronsareprimarily involvedin theX pathway, thusY RGCssynapsemainly on dLGN
relaycells (ShermanandKoch,1990;FriedlanderandTootle,1990;Uhlrich andCucchiaro,1992,
but seeMastronarde,1992for evidenceof Y interneurons).The frequency of thesecomplex cir-
cuits in theX pathway suggeststhat it is moremodulatedby inhibitory circuitry thantheY path-
way. Becauseeachinterneuronreceivesinput from 4-5RGCs,thereis moreRGCconvergenceon
interneuronsthanon relaycells(Sillito andKemp,1983;NortonandGodwin,1992).

Long-Range Inhibition. Typically, dLGN cells in theadultcat receive excitatory input from
only one optic nerve, but inhibitory connectionsfrom both nerves. dLGN cells have purely in-
hibitory receptivefieldsfor thenon-dominanteyewhichoverlaptheexcitatoryreceptivefieldsfrom
the dominanteye. This inhibitory input is di or tri-synaptic,while the excitatory input is mono-
synaptic(ShatzandKirkwood,1984;Lindstrom,1982;PapeandEysel,1986). It follows that the
excitatoryinputsto dLGN relaycellsstemdirectlyfrom retinalafferents,while theinhibitory inputs

2Thesestructuresareneighborsandappearto bequitesimilar in projections,structureandrole (SolteszandCrunelli,
1992),thusthey aretreatedasa singlecomplex for thepurposesof this paper.
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arecommunicatedvia dLGN interneuronsor othernucleiin themidbrain,e.g.thereticularnucleus
of thethalamus(PapeandEysel,1986).

Becauseof thelargeelectrotonicsizeof interneurons,andthelocalarborizationof theiraxons,
any wide-ranginglateral inhibition in the dLGN would likely be mediatedby externalstructures
that provide input to the dLGN. The likely candidatesfor this role is the RNT/PGN.RNT/PGN
cells receive inputs from the cortex and dLGN relay cell collaterals,and they sendafferentsto
dLGN relay cells, eachother, anddLGN interneurons(SolteszandCrunelli, 1992). The specific
role of theRNT/PGNafferentsin mediatinglong rangelateralinhibition is unknown. dLGN relay
neuronscanreceive input from thevery samecells that they synapseon in theRNT/PGN(Lo and
Sherman,1994).As RNT/PGNneuronshave fairly largeRF’s ( � 20� , Montero,1991)this finding
suggeststhat the inhibitory feedbackfrom theRNT/PGNcouldmodulateactivity in a limited area
arounda dLGN neuron(Lo andSherman,1994;Eyselet al., 1986;EyselandPape,1987).Others
have taken the large RF sizeto suggestthat theRNT/PGNprobablyhasmoreinfluenceon global
responsivity of the dLGN than on shapinglocal RFs (Ahlsen et al., 1985). BecauseRNT/PGN
afferentscellsestablish90%of theirsynapsesondLGN relaycellsin regionsthatalsoreceive input
from corticalaxons,they probablyarelargely involved in modulatingthecortical influenceon the
dLGN (Ahlsenetal., 1985;Cucchiaroetal., 1991).

This complex andorganizedwiring patternin theearlyvisualsystemservesto maintainpar-
allel signal pathways which can be modulated,amplified or combinedselectively. Further, via
topographicprojections,the wiring preserves useful information intrinsic to the spatialrelations
betweenRGCs.

2.3.5 Physiology: GABA subtypes

Investigationsinto thefunctionanddistribution of thetwo GABA receptorsubtypes,GABAa
andGABAb, have revealedthat thereare two distinct inhibitory mechanismsin the dLGN. The
GABAa subtypeis fastacting(30-40msduration),worksvia Cl � conductanceandhasa reversal
potentialaroundtherestingpotentialof dLGN relaycells (-65 mV, suggestinga “shunting” role).
GABAa seemsto bethedominantinhibitory pathway. GABAb is slow acting(20-30msto onset,
200-300ms duration),worksvia K � conductanceandhasa hyper-polarizingreversalpotential(-
80 mV). GABAb probablymediatesglobal responsivity in thedLGN (SolteszandCrunelli, 1992;
Crunelli andLeresche,1991). The GABAb receptoris alsostronglyvoltagedependent,with its
efficacy sharplydecreasingwhen the cell is depolarizedfrom its restingpotential. The GABA
subtypesalsohave a distinctdistributionsandactionin thedLGN. TheGABAa receptormediated
pathway actsstrongly on dLGN relay cells, but is not found in inhibitory interneurons(Soltesz
andCrunelli, 1992). GABAb actsfairly weakly on dLGN relay cells. Its main role is probably
to regulaterelaycell responsivity, ratherthanto shaperelaycell RFs(SolteszandCrunelli, 1992).
GABAb alsohaslittle effecton interneurons(Williams etal., 1996).

The spatialdistribution of GABA receptorscanalsohelp illuminate the roles of inhibition.
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The placementof GABAa receptorsat locationslike the baseof glomeruli andcloseto the soma
(ShermanandKoch,1990;Uhlrich andCucchiaro,1992)could help supporttheshuntingrole of
GABAa receptorsbecausethereceptorshavemaximalinfluenceonthedendriticsignalsto thesoma
in this position. Interneuronterminalsalsooccurfrequentlyin glomerularstructures,wherethey
arethoughtto regulatetheincomingretinalsignals.

RNT/PGNterminalsaremostfrequentlyfound on the dendritesof relay cells in closeprox-
imity to excitatorycortical terminals,suggestingthattheRNT/PGNinhibition probablymodulates
thecortical influenceon thedLGN relaycells.TheseRNT/PGNafferentsgenerateIPSPsin dLGN
interneuronsvia GABAa receptors,andIPSPsin dLGN relaycellsvia GABAa andGABAb recep-
tors (Solteszet al., 1989;SolteszandCrunelli, 1992;Crunelli andLeresche,1991). Theprimary
influenceof RNT/PGNafferentsis mediatedby GABAa, as it elicits IPSPsat very low levels of
RNT/PGNstimulation(which areblockedby a GABAa antagonist).GABAb mediatedIPSPsonly
appearaftermuchstrongerRNT/PGNstimulation(Sanchez-VivesandMcCormick,1997).

2.3.6 dLGNResponseModes:Tonic,BurstingandSpindleWaves

GABAb is thoughtto mediatetheshift betweentonicfiring mode— in which thedLGN relay
cells respondto retinal inputs in a linear manner, and the burstingmode— in which the dLGN
relaycellsrespondto retinal inputsnon-linearlywith burstsof actionpotentials.Thetonic modeis
associatedwith alertresponsivity to retinalinputs.Theburstingmodepossiblyunderliesbothsuper-
sensitivity to inputs(i.e. firing a burst of actionpotentialsin responseto a weakinput effectively
amplifiesthe input), andnon-responsivity to retinal inputsduringspindlewaves(commonduring
REM sleep). In generalGABAb is assumedto reducethe dLGN relay cell sensitivity to sensory
inputs.

On the other hand,GABAb could pushthe cells toward bursting by evoking low-threshold
Ca
�� potentialswhich “prime” the dLGN cells to fire bursts of action potentials(Solteszand
Crunelli, 1992; Crunelli andLeresche,1991; Emri et al., 1996). When in burstingmode,spin-
dle wavescanoccurin responseto barragesof IPSPsfrom theRNT/PGN.Thesewavesarisebe-
causethe membrane,hyper-polarizedby the IPSPs,reboundsandovershootsits restingpotential
andgeneratesa low-thresholdCA 
�� potentialthatcanelicit burstsof actionpotentialsin thedLGN
relaycells. Theseactionpotentialsin thedLGN excite theRNT/PGNneuronsvia thalamocortical
axoncollaterals,anda feedbackloop is createdthat supportsthe oscillation of activity between
theRNT/PGNandthedLGN. Theresultingspindlewave activity is oftenseenduringREM sleep
(Crunelli andLeresche,1991).

In the adult, GABAb IPSPsmight be able to mimic the role of the barragesof IPSPsfrom
the RNT/PGN by directly inducebursting responsesin dLGN relay cells via hyper-polarization
andreboundspiking. Despitethis evidencefor its involvementin theburstingbehavior of dLGN
relaycells,GABAb doesn’t seemto benecessaryfor thespindlewavesbecauseblockingGABAb
receptorsdoesnot abolishthem(von Krosigk et al., 1993). Indeed,someresearchsuggeststhat
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GABAa is primarily responsiblefor spindlewavesin thedLGN, with GABAb playingasignificant
roleonly in pathologicaloscillatorybehavior in thedLGN (Sanchez-VivesandMcCormick,1997).
Interneuronsseemnot to have a burstingmodeof responsivity (Williams et al., 1996;Crunelli and
Leresche,1991).



Chapter 3

Biological Background: Development

This chapterwill discussthe anatomicaldevelopmentof the early visual systemin the neo-natal
ferret. It will focusonactivity-dependentdevelopmentof map-likeprojectionsandlaminatedstruc-
tures.It is anattemptto establishtheparametersrelevant to a formal modelof thedevelopmentof
theorderedretinogeniculateprojection.

Muchis known aboutthefetaldevelopmentof theferretvisualsystembecauseferretsareborn,
andarethusavailablefor study, in an extremelyimmaturestate.Furthermore,thedevelopmental
time-courseand maturestructureof the ferret’s visual systemare closely parallel to that of the
well studiedcat (seeCucchiaroandGuillery, 1984 for review andseeTable3.1 for a listing of
developmentalmilestonesdiscussedbelow).1 Findingsfrom the cat will be presentedalongside
thosefrom the ferret to help constructa completepicture. For purposesof comparison,the time
from conceptionto eye openingis comparablein thetwo animals(72-74daysin theferret (Wong
et al., 1993),and75 daysin the cat (Shatz,1983)),but ferretsareborn 3 weeksearlier thancats
(43 daysand65 daysafterconceptionrespectively, “D43” and“D65”). Theearly birth of ferrets
essentiallymakespossible”fetal” studiesof thedevelopingvisualsystemwithout fetal surgery.

3.1 Problemsto beSolved During Development

Theemergenceof structurein the retinogeniculateprojectionis oneof themostinvestigated
questionsin developmentalneuroscience,but the exact hierarchyof mechanismsinvolved is still
not known in detail.

The developing brain hassomepracticalengineeringproblemsto solve. RGC’s eventually
mustconnectto targetsthat have a preciseandpredictable’horizontal/lateral’location(i.e. their
appropriatetopographicposition)and’vertical’ location(i.e. in theappropriatelayer)in thedLGN.
Furthermore,the retinotopicrepresentationsin the different layersmustend up in register, such

1This commonneuralorganizationis sometimesreferredto asthe“carnivore” pattern.

15
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Days Eventin Cats Days Eventin Ferrets

19 RGC’s in Optic Stalk � 20-30 LGN andSubplateNeurogenesis�
22-54 W (small)RGCNeurogenesis� 20-36 CorticalLayer6 Neurogenesis�
22-37 SCNeurogenesis� 20-43 RGCbirth �
22-32 dLGN Neurogenesis� 24 AxonsleaveLGN & V1 �
26 AxonsleaveLGN � 24 RGC’s in optic stalk/chiasm�
29-32 X (medium)RGCNeurogenesis� 27 dLGN � & Corticalaxonsarrive �
30 RetinalIPL formed � 28 RGCaxons� contra-dLGN�
32-34 Y (big) RGCNeurogenesis� 31-41 CorticalLayer4 Neurogenesis�
32-35 RGCaxons� dLGN � 32 RGCaxons� dLGN �
32 RGCaxons� contra-LGN� � 40 CoarseSCanddLGN retinotopy �
35 RGCaxonsarriveat ipsi-LGN � 41-43 BIRTH
36 dLGN axons� StriateCortex subplate� 41-69 Wavespresent�
39 FunctionalRetinogeniculatesynapses� 41-43 RGCaxonsstartlayersegregation ��� �
40 Peak#’sof RGCs � 43-97 LGN dendritesgrow ���
45 Horizontal& Amacrinesynapses� 41-69 LGN LayerSegregation �
45 Peakin EyeOverlapin dLGN � 45 ConventionalRetinalSynapsesappear�
50 RetinalOPL formed � � 50 Eye-specificaxonsegregationdone ���
52 RGCX/Y Morph. Differentiation� 51 dLGN axonsinvadecortex �
60 dLGN axonsinvadecortex � 51-58 A/A1 dLGN cell lamination�
60 A/A1 dLGN cell lamination � & 55-64 RodsMature,Retinalphotosensitivity...

RGClaminationin retinacomplete Off-cell noise,& On/Off-sublayerformation �
60 RGCaxonsegregationis complete� 59 RibbonSynapsesappearin Retina �
65 MatureRGCdensityin areacentralis� 62 On/off RGCaxonsegregationcomplete���
65 BIRTH
68-79 A1/C3dLGN Cell Lamination � � 69 WavesDisappear�
71-73 ReceptorsMature 71 Laminarsegregationcomplete�
71-74 Cell Laminationcomplete� 73 OrientationColumnsin StriateCortex �
75 EYE OPENING 73 EYE OPENING
75 OrientationColumnsin V1 �
75-85 HighestSynaptogenesisin Retina � �
79 LGN dendriticgrowth �
86 Direct LGN to Layer4 �
86 CancorrelateRGCsMorph. & Phys. !
95 Lateralsynapsesmature���
115 Ribbonsynapsesmature���

Table3.1: Time-line of eventsin thedevelopmentof thevisual systemsof catsandferrets. All datesarenumberof
daysafter conception.Note thatmany of the mainmilestonesarevery similar in the two animals,but ferretsareborn
approximately3 weeksearlier. Sources:1) ChalupaandWhite,1990,2) Wonget al., 1993,3) JohnsonandCasagrande,
1993,4) Daw, 1995,5) Lindenetal.,1981,6) Shatz,1983,7) GarraghtyandSur, 1993,8) CucchiaroandGuillery, 1984,
9) Jeffery, 1990,10) FriedlanderandTootle, 1990,11) SuttonandBrunso-Bechtold,1991,12) Pennet al., 1998,13)
WongandOakley, 1996.“TCC” is anacronym for thalamo-corticalcell, or dLGN relaycell.
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thata vertical trackthroughthenucleusrepresentsa singleRF in visualspace.Remarkably, there
appearsto bevery little error in theoverall patternof theseconnections.For examplemostdLGN
relay cells receive input from only 1-4 retinotopicallyappropriateRGCsandthereis virtually no
overlapbetweenafferentsfrom thetwo eyesor differentfunctionalclassesin thedLGN.

The final organizationof the projectionemergesearly in development(beforeeye opening)
andis quite predictable(e.g. the orientationof the retinotopicmapsandorderingof the layersis
similar acrossanimals). Thesefactorssuggesta geneticmechanismfor generatingorganization.
On the otherhand,the degreeof precisionin the final arrangementseemsunlikely to be directly
determinedgenetically. It simply is too muchof a taskto specifytheexactwiring of hundredsof
thousandsof intermingledRGC’sprojectingin suchanelaboratepatternto a target located2-3 cm
away.

Thereareavarietyof mechanismsasidefrom directgeneticcontrolthatmightplayarolein the
establishmentof horizontalandverticalspecificityin connectivity. Threeof themaintypesof mech-
anismsthathave beeninvestigatedaremechanical,chemicalandactivity-dependent. This section
will explore the possiblemechanismsinvolved, andwill posit plausiblemixturesof mechanisms
thatareatwork. Therelevantempiricalwork will belaid out in theremainderof this chapter.

3.1.1 PossibleMechanismsof Retinotopy

The formation of a retinotopicprojection to the dLGN essentiallymeansthat neighboring
dLGN neuronsmustcometo receive inputsfrom eitherthesameor neighboringRGC’s.

Mechanical Mechanisms. A mechanicalexplanationseemsto be an obvious candidatefor
preservingthesespatialrelations.Thatis, neighboringcellscouldsimply remainnext to eachother
throughouttheir journey throughtheoptic nerve, at theoptic chiasm,throughthe optic tract,and
eventually innervate neighboringtissues,thuspreservingretinotopicorder. Indeed,much of the
informationaboutspatialgradientsof maturationin theretinapointsto a likely role for mechanical
processesin maintainingneighborrelationsin the retinogeniculateprojection,but this role is lim-
ited. Statedsimply, thefibersbecomedisorderedin transitionto thedLGN wherethey eventually
becomehighly ordered.The fiber organizationin the optic tract is far moredisorderedthanthat
in thedLGN (30� versus.5� of scatter, seeSec.2.3.2andVoigt et al., 1983). In light of this sec-
ondaryprecision,theremustbeinterveningprocesseswhich serve to organizetheretinogeniculate
projection.

TrophicFactors andCell Death. Anothermechanism,elucidatedby Sperry(Sperry, 1963),
dependson tropic factors.Theafferentscould preferentiallybeattractedand/orstabilizedby me-
diating chemicalfactorsthat vary over the pre-synapticandpost-synapticcells. Sucha chemical
foundationcould be specifiedin at leasttwo ways. Therecould be a particularchemicalor com-
binationof chemicalsspecificto eachafferentandeachtargetcell — akin to having an individual
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lock andkey for eachcell. This arrangementis highly unlikely simply becausethenumberof in-
dividual chemicalsneededis prohibitive. A moreplausibleschemeuseschemicalgradientsinstead
of differentchemicalsto specifylocation,two perpendiculargradientsaresufficient for aflat sheet.
For example,anincomingafferentfiber would have a preferentialattraction,determinedby thelo-
cationof its somain thesourcetissue,to specificpreferredconcentrationsof thetwo chemicals—
essentiallymatchingupcoordinatesin thesourceandtargettissues.

Therecouldalsobeactivity-relatedtrophic factorsthat could guideaxonsselectively toward
co-active (thus appropriate)locationswithout shifting the entire arbor. In fact, someindividual
axons(afterD57) have beenobservedto make grosstrajectorycorrectionsin thecat(Sretavanand
Shatz,1987).Theserareaxonsmake sharpturnsalongthemediolateralaxisandarborizeat a new
lateral location. The majority of axonsseemto grow straightinto the nucleus,perpendicularto
the layers,andmonotonicallygrow a morecomplex arborin theappropriatespot. Activity might
alsoaffect patternsof cell deathsoasto eliminateprojectionerrors,thusrefiningretinotopy. Cell
deathhasbeenshown in somesystemsto beanactive mechanismin the refinementof retinotopy
(SretavanandShatz,1987).

Activity-DependentMechanisms. Finally, activity-dependentmodificationof synapses,e.g.
Hebbianlearning(Hebb,1949),couldutilizepatternsof activity tosculptinitially disorderedprojec-
tionsinto preciselyorganizedtopographicprojections.Thismechanismessentiallyusescorrelations
betweenthespontaneous(the retinogeniculateprojectionbecomesorganizedbeforeeye opening)
activity of nearbycells (e.g. dueto lateralspreadof excitation) in the retinain conjunctionwith
thatinducedin thedLGN to selectively strengthenthesynapsesfrom spatiallycontiguousRGCsto
spatiallycontiguousdLGN relay cells. This selective strengtheningencouragesneighboringcells
in the target tissueto have neighboringreceptive fields. If this principle is successfullyenforced
acrossall thecells in the target tissue,the resultis a topographicallycorrectprojection(Willshaw
andvon derMalsburg, 1976).

Giventheprecisionof theadultmapandtheinterveningdisorderin theprojection,it is likely
that activity-dependentmechanismsare neededto supportpreciserefinement. Most modelsof
activity-dependenttopographicrefinementrely on the pruning of initially wide-ranging“blurry”
connectionsto form a focusedarbor in the appropriatelocation. In contrast,RGC axonsdo not
have wide rangingarborsat any time duringdevelopment.As a resulttheRGCaxonalarborsmust
becapableof shifting over time in orderto becapableof correctinginitially poor(non-retinotopic)
arborplacement.In lower animalsentirearborshave beenobservedto shift (e.g. in theretinotectal
projectionof Xenopus, Udin andFawcett,1988).

Of course,thesemechanismsmight alsowork in concertto attainthehigh degreeof precision
in the matureprojection. In fact it appearsthat a combinationof all threeof thesemechanisms
helpsshapetheformationof a retinotopicprojection.Mechanicalfactorsappearto limit thedegree
of disorderin the initial in-growth. Chemicalfactorshelp the projectionreachfairly high levels
of precisionevenvery early in development.Finally, activity-driven mechanismsmostlikely help
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eliminateerroneousprojectionsand make fine adjustmentsin the horizontalposition of afferent
arborsandtheir targetcells.

3.1.2 PossibleMechanismsof LayerSegregation

A similar storyappliesto thedevelopmentof laminarstructure(verticalspecificity),but there
seemsto beamuchheavier relianceonactivity-dependentrefinement.

Becauseafferentsthateventuallyarborizein differentlayersareintermingledin theretinathe
mechanicalsituationin layer formation is unlike that in retinotopy. Insteadof preservingspatial
relationspresentin the retina,any mechanicalprocesseswould have to preserve spatialgroupings
stemmingfrom differentialtiming of axonalmigrationandinnervationinto thedLGN.By capitaliz-
ing onthedifferencesin timing betweencontralateralandipsilateralafferentsandX andY afferents,
mechanicalfactorscouldachieve somemeasureof segregation.

Similarly to retinotopicorganization,chemicalfactorsthataredifferentiallydistributedin the
different layersof the dLGN could be involved in differentially attractingand stabilizing RGC
arborizationsin theappropriatelayer.

Activity-dependentprocessescould serve to clusterafferentsthat tend to be co-activatedin
clusters/layersin the dLGN. For this processto work, afferentsthat eventually segregatewould
have to be lesscorrelatedin their firing thanafferentsthat areeventuallyclusteredinto the same
layer. Thismeansthatafferentsoriginatingfrom thesameeye or functionalsubclasswouldhave to
bemorecorrelatedthanthoseoriginatingfrom differenteyesor functionalsubclasses.

It appearsthatmechanisticprocessesandchemicalprocesseshelpbiastheorderingof layers
towardthestereotypicalpattern,but they establishonly very roughsegregationandorderingwith a
largedegreeof overlap.Activity-dependentprocessesplay a muchlarger role in theestablishment
andrefinementof laminarsegregationthanthey do in establishingretinotopicprojections.

A large body of informationandresearchcomesto bearon questionsaboutthe mechanisms
underlyingthe developmentof elaboratestructurein the retinogeniculatesystem. Findingswill
be presentedin the samegeneralframework usedabove in the outline of maturevisual system
organization.Thediscussionwill againproceedfrom theeye throughRGC’s andtheoptic nerve,
chiasmandtract andinto finally into the dLGN. Crucial aspectsof retinal anddLGN physiology
will alsobepresentedin hopesof specifyingthepotentialroleof activity-dependent processes.

3.2 DevelopmentalTrendsin the Eyeand Retina

Understandingthe developmentof the eye andretinacanhelp guidereasoningandassump-
tionsaboutthedevelopmentof its projectionsto morecentraltargets.Of clearrelevancearefeatures
of developmentconcerningthespatial,temporalor functionalorderingof neurogenesis,maturation
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andaxonaloutgrowth. Theseorderingsmight bethesourceof mechanicalmechanismsof generat-
ing andpreservingorganizationin thedevelopingRGCprojection. In addition,informationabout
the developmentof opticsandsynapsescanhelp generatemoresubtleinsightsasto the stateof
earlycircuitsandapparentprioritiesin theirmaturation.

3.2.1 IncreasingAcuity: AnatomicalIssues

Theincrease,overdevelopment,in behaviorally measuredspatialacuityhasoftenbeenthought
to bea functionof increasingacuityof theneuralvisualcircuitry (Daw, 1995).This reasoningsup-
portedtheassumptionthatconnectivity in theneonatalvisualsystemis “blurry”, meaningimprecise
andlikely exuberantwith transientsynapses.Theexistenceof this sortof blurry initial projection
would supportthe role of activity-driven topographicrefinement,for it indicatesthat mechanical
andchemicalprocessessupportonly coarseorder. Yet, thereareseveral featuresof the immature
eye thataccountfor thelackof earlyspatialacuitywithoutmakingany assumptionsabouttheblur-
rinessof theneuralcircuitry — thuschallengingtheaccuracy of theseassumptionsaboutneonatal
visualcircuitry.

First, theeye doublesin sizefrom about10 to 20 	"	 over maturation.Theareaof theretina
illuminatedby aspotof light roughlyincreasesroughlyby 4 times(A 1� spotprojectsto a129 �
	
and213 �
	 diameterspotatbirth andadulthoodrespectively). It canbeassumedthatif moreretina
processesa givenportionof space,spatialacuityin thatportionof spacewill increase(Friedlander
andTootle,1990).Therefore,themeresmallnessof theneo-nataleye canhelpaccountfor its low
spatialacuity.

Further, in thekitten thereis a persistentpupillary membraneandvascularnetwork supplying
thedevelopinglens.This network scatterslight anddramaticallylimits theresolutionof theimage
thatreachesretina(FriedlanderandTootle,1990). Prior to D86 in catsthelenssignificantlyblurs
the retinal image; it becomescloseto maturearoundD89. Notably, ferrets(Daw, 1995)have a
clear lensby the time of eye-opening(D74) andmonkeys andhumanshave a clear lensat birth
(FriedlanderandTootle,1990).

3.2.2 ProcessingandRelayCircuitry beforeTransduction

Two othertrendsin retinaldevelopment,termed“inner to outer(centripetal)”and“lateral to
feed-forward” here,might help clarify priorities in the developing retina. Thoughthe retina is
primarily a transductionorgan,the evidencesuggeststhat the retinageneratesandrelayssponta-
neousexcitationbeforedevelopingthemachineryfor transduction.Thesetrendspotentiateactivity-
dependentmechanismsof refinementbecausethey supportthegenerationof spatiotemporallycor-
relatedpatternsof activity in theimmatureretina(seebelow).

The inner to outertrendis manifestin the orderof laminardevelopmentin the retina. Mat-
uration progressescentripetallyfrom the inner (RGC) to the outer (receptor)layers. The inner
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plexiform layer(IPL) is first formedaroundD30(in newbornferrets(D43) theIPL is theonly layer
present(Wongetal., 1993)),while theouterplexiform layer(OPL) isn’t formeduntil D50— lami-
nationbeingnearlycompletearoundD65(ChalupaandWhite,1990).Exemplifying this trend,the
receptorsmaturequitelatein thecat(D71-73(FriedlanderandTootle,1990);in theferret,structures
crucialfor transductionin therodsonly appeararoundD57-64(Wonget al., 1993)).Someaspects
of thetherelayandmodulatorycircuitry have adevelopmentalleadon thetransductioncircuitry of
almost6 weeks.

Thereisalsoasomewhatsurprising,yetrobust,orderingin synaptogenesis.In theIPL, thecon-
ventionalsynapsesthatmodulateactivity laterallyappearandmaturebeforetheribbonsynapsesthat
passinformationcentripetally(i.e. feed-forwardconnections)(ChalupaandWhite,1990).Speaking
in termsof specificdates,in theIPL conventionalsynapsesthatmodulateactivity laterallyappear
by D45 (ferret)(Wonget al., 1993)andmatureby D95 (cat)(FriedlanderandTootle,1990),while
ribbonsynapsesappearby D59(ferrets)(Wongetal., 1993)andmatureby D115(cat)(Friedlander
andTootle,1990).Thisorderingsuggestsaprimacy in settinguptheintrinsiccircuitry of theretina,
asopposedto theretina’s ability to take in visual information(clearlyits primaryfunction)— per-
hapsto supportthegenerationandpropagationof usefulpatternsof spontaneousactivity (described
below).

3.2.3 Centerto Periphery

A mechanicalmechanismfor preservingretinotopy couldbebasedon a lateralgradientin the
maturation.If thecellsthatmaturedearliestmigratedandinnervatedthedLGN first they would be
theonly cells thatwould needto beguidedto their exact target, latermaturingcellscould just fill
in thenext availablespace.In this way afferentswould simply be‘laid down’ in theorderof their
maturationalgradient,preservingspatialorder.

This schemecould play a role in orderingthe retinogeniculateprojectionbecausethe matu-
ration of the retinadoesin fact have pronouncedspatialgradients.The retinaof ferretsandcats
matureslaterally from thecenteroutward. This trendcanbeseenin patternsof neurogenesis,cell
deathandlamination. In the cat, the first RGC’s areborn in the centralretinaon D21, while the
last RGC’s areborn aroundD36 in the peripheralretina(ChalupaandWhite, 1990). RGC’s are
generatedfrom D20-D45in theferret (JohnsonandCasagrande,1993).2 Cell deathappearsto be
asspatiotemporallyprogrammaticascell birth.

While thesespatialtrendscouldpotentiallyplay a role in thedevelopmentof retinotopy, they
do not provide the necessarygroupingsfor layer formationin dLGN. Mechanicalmeansof layer

2But thesefiguresarebasedontritiatedthymadinestudieswherelabelis incorporatedinto cellsduringof cell division
— allowing their birth-dateto be determinedby label concentration.Unfortunately, only the cells that survive until
adulthoodcanbedated,thusthefiguresomit ’ transient’cellsthatdiebeforeadulthood.Thisomissioncouldbemisleading
if thetransientcellsplay crucialpioneerrolesin settingup projections.Indeed,RGCaxonshave beenseenin theoptic
stalkasearlyasD19(ChalupaandWhite,1990).
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formationwould needthe RGC’s from eacheye, andfrom eachfunctionalsubclass,to be differ-
entially groupedat somepoint in development. Differentdevelopmentaltime-coursesin axonal
outgrowth of the RGC’s from eacheye andthe X, Y andW subclassesmight play a role in the
developmentof layersin thedLGN.

3.2.4 X, YandW Pathways

Unfortunately, detailsaboutthematurationof eachcell classaresomewhattentativefor method-
ologicalreasons.

Usingmorphologicaldifferences,someRGC’scanbeclassifiedintocell classesbyD52(Chalupa
andWhite, 1990),but dueto methodologicalconsiderations,onecan’t correlatethe morphology
andphysiologyof thesecellsuntil D86-D100weekspost-natal(GarraghtyandSur, 1993). These
difficulties limit our knowledgeof the early developmentaltime-coursesof differentcell classes.
Fortunately, tritiated thymadinestudiesreveal an interestingorderin thegenesisof differentsizes
of RGC’s.

Thesestudieshave determinedthat small ganglioncells (presumablyW-cells) aregenerated
throughouttheperiodof RGCgenesis(D22-D36),andsmallcellsthoughtto bedisplacedamacrine
cells continueto be born until D54. Medium RGC’s (presumablyX-cells) begin to be generated
slightly later, the last are born D29 in the centralretina and D32 in the peripheralretina. Last
generatedarethelargecells(presumablyY-cells),which aregeneratedin thecentralretinaat D32
andin the peripheralretinaD34 (ChalupaandWhite, 1990). Theseexperimentssuggestthat X-
cellshave a developmentalleadof 4 dayson Y-cells. X-cells arebornbeforeY-cells, they reach
theoptic tractfirst andmostlikely they grow into thedLGN beforeY cells. Giventhat theX-cells
cometo dominatethedeepest(mostdorsal)dLGN in theabsenceof activity (seebelow), thesefacts
suggestthat, throughmechanicalmechanisms,dLGN structuremay reflectthesequentialorderin
maturationof RGCcell types(Garraghtyetal., 1986;GarraghtyandSur, 1993).

3.3 RetinogeniculateProjection

Developmentaldetailsof the retinogeniculateprojectionof the ferret andcat arethe center-
pointof thispaper. Thekey issuesare:theextentandcharacterof disorderin theoriginalprojection,
thetime-courseof laminarandretinotopicdevelopment,andtheeffectsof variousmanipulationson
thematurationof theseprojections.

Somebackgroundinformation,including milestonesof development(seeTable3.1) andthe
natureof thetargettissue,will helpprovide a framework for investigatingtheseissues.
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3.3.1 AnatomicalBackground:MilestonesanddLGNTissues

In both ferrets(JohnsonandCasagrande,1993)andcats(ChalupaandWhite, 1990),RGC
axonsarefirst seenin theoptic stalkaroundD24 (sometimesasearlyasD19). FerretRGCaxons
arrive betweenD28-32while in thecatthey arrive somewhatlater, D32-35.Afferentsegregationin
thedLGN is completeby D60 andcellularsegregationis completeby D71-74(Shatz,1983;Wong
etal., 1993).

Thereareseveral subtypesof dLGN relaycell andinterneuronsasclassifiedby Mastronarde
(1992).dLGN neurogenesisof bothdLGN relaycellsandinterneuronsoccursfrom D22-32in the
cat(Weberetal., 1986;ChalupaandWhite,1990),andD20-30in theferret
(JohnsonandCasagrande,1993). In contrastto retinal neurogenesis,thereareonly weakspatial
gradients(if any at all) in dLGN neurogenesisin thecatandferret. X andY cellsin thedLGN can
developroughmorphologicaldifferenceswithout afferentinput (CasagrandeandCondo,1988)—
suggestingthatthey have someintrinsiccell fate.Yet,theirphysiologicaldifferencesarethoughtto
beprimarily a resultof thepropertiesof their inputs.

Synapticdevelopmentin thedLGN is overwhelminglypostnatalin thecat.Theperiodof most
rapid increaseis D73-85,aroundthe time of eye opening. Later developmentin the Y pathway
grows slowly andmonotonically, with thenumberof Y synapticboutonsincreasingby a factorof
approximately3, andwith thesynapticboutondensityincreasingby a factorof 2 (Friedlanderand
Tootle,1990). Presumablythenumberof boutonsin the X pathway actuallydecreaseor staythe
sameover this sameperiodbecausetheX arborsareshrinking(seebelow). To my knowledgethis
issuehasnotbeendirectlyexplored.

3.3.2 Arrival of RGCaxonsat thedLGN

The orderedarrival and in-growth of RGC axonsinto the dLGN could supportmechanical
processesof afferentsegregation.Axonsfirst arrive in thedLGN from D25-32.Theearliestarrivals
arefrom thecontralateraleye,with theipsilateraleye arriving roughly3 dayslater(Cucchiaroand
Guillery, 1984). Superimposedon thecontralateralbeforeipsilateraltrendis theX- beforeY- cell
trendasmentionedabove. Thus,X-axonsfrom thecontralateraleyearemostlikely bethepioneers
into thedLGN.

3.3.3 AxonalandDendritic Arborizationin thedLGN

RGC’s runningalongtheoptic tracttendto take approximately90� turnsinto thedLGN both
at initial in-growth andmaturity. Initial in-growth is relatively simple; the fibersgrow in parallel
fashionfrom theoptictract(outer)acrosstheputative layersandtowardsthemiddleof thethalamus
(inner).Thereis no evidenceof exuberancein thewidth of RGCarborizationsin thecat,ratherthe
axonsappearto penetrateinto the dLGN in a relatively focal andorderly manner(Sretavan and
Shatz,1987).
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In thedLGN RGCaxonsinitially form diffuseconnectionsspanningseveral layers.Thepro-
totypical immatureRGCaxonhasmany shortsidebranchesalongits trunk, makingit resemblea
straight’hairy’ fiberapproximately100 �
	 wide. As developmentprogresses,thedLGN differen-
tiatesinto eyespecificlayersthathavedifferentialcytoarchitecture,afferentsandefferents.Leading
this process,theafferentfibersprogressively eliminateshortsidebranchesin inappropriatelayers
and ramify their arborsfocally in the appropriatelayers(Shatz,1994; Sterling,1990). Thereis
a pronouncedtrendin arbormaturationin thedLGN from medialto lateral— probablyinherited
from thegradientof RGCmaturation(SretavanandShatz,1987).

The dendritic treesof dLGN neuronsin ferretsfrom D43 throughD97 (peakin arborsize),
decreaserapidly until D133andthenmoregraduallyto adult levels (SuttonandBrunso-Bechtold,
1991;SuttonandBrunso-Bechtol,1993).Thereseemsto bea markedperiodover which dendritic
appendagesareformedandtheneliminated. Thesetransientappendagesaccountfor the bulk of
dendriticgrowth at the onsetof vision (D73-D99) (SuttonandBrunso-Bechtol,1993). Most of
theseappendagesareeliminatedin laterdevelopment.

3.3.4 Time-Courseof X andYArborization

As mentionedabove, becauseit is impossibleto correlatephysiologyandanatomyof RGC’s
beforeD86-D100,thereis nothingknown aboutthe differential developmentof X andY arbors
until well afterbirth. However, thepostnataldevelopmentof thearborsof thedifferentcell classes
is illuminating. Thegeneralpicturethatemergesis thatthedevelopmentof theY pathway is more
sensitive to activity patternsthantheX pathway.

Garraghty, Sur (Garraghtyet al., 1986; GarraghtyandSur, 1993; Sur, 1988)and their col-
leagueshaveextensively investigatedandanalyzedthedevelopmentof thesearborsin thecat.They
found thatbothX andY arborsextensively remodelin oppositedirectionsduring theperiodfrom
D92 to adulthood.At D65 the retinogeniculatearbors(undifferentiableinto X andY classes)are
uniformly narrow — 80-100 �
	 in width (Sur, 1988). X arborsareexuberantin early postnatal
developmentand thenshrink down over the first 3 months,while Y arborsgrow monotonically
throughoutdevelopment.FromD86 to D149,themeanX arborwidth shrinksfrom 180 �
	 to the
adultwidth of 115 #$	 . Over thesameperiod,themeanY arborwidth grows from 193 �
	 to 293�
	 (for review seeFriedlanderandTootle,1990).

ThesefindingssuggestthatX arborsareculledbackby expandingY arbors,essentiallyreflect-
ing ashift from X to Y dominancein vision. Furthercomplementingthestoryarestudiesinvolving
disruptedvisualexperience(for review seeGarraghtyandSur, 1993). Theseinterventionsalmost
alwayscauseY arborsto be smallerin the A lamina (wherethey overlapwith X axons),but to
remainthesamein theC lamina(wherethey donotoverlapwith theX axons).Conversely, in these
sameanimalstheX arborsretaintheir immatureexuberancein theA lamina. This samecontrast
betweenX andY arbordevelopmentis apparentin laminardevelopment(seebelow).
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3.3.5 Retinotopy

Preservation of retinotopy is oneof the moststriking featuresof the retinogeniculateprojec-
tion. It is ahighly specific,organizedandpreciseconnectionscheme.Theexactmechanismsbehind
thedevelopmentof retinotopy areunknown. In addition,detailsaboutthedevelopmentof precise
retinotopy (Daw, 1995)andtheeffectsof subtlemanipulationson retinotopicdevelopmentareun-
known for methodologicalreasons.Developmenton a somewhatcoarserscaleis well investigated
though.

Direct Measures: dLGN. Jeffery (1985,1989,1990)hasdonethe main to datethat directly
investigatesretinotopy in theretinogeniculateprojection.Heablatesasmallportionof theretinaand
thenanterogradelystainstheprojectionsto thedLGN andtheSC.To theextentthat theprojection
is retinotopic,thereis agapin thepatternof labelin thetargettissue.Furthermore,thesharpnessof
thebordersof thegapindicatethesharpnessof theprojection.3

Jeffery hasdemonstratedthatthevery earlyretinogeniculateprojectionis retinotopicandthat
the degreeof retinotopy, asreflectedin bordersharpness,remainsunchangedfrom D40 through
adulthood.4 Furthermore,hefindsthatthedegreeof sharpnessis thesamein theSCandthedLGN
(Jeffery, 1985). Thesefindingsareinformative in severalways. First, they demonstratethat there
is a notabledegreeof retinotopy evenin thevery early(D40) retinogeniculateandretinocollicular
projections. Second,in conjunctionwith physiologicalwork they establishupperboundson the
resolutionof Jeffery’s method.Retinotopy in thedLGN is far moreprecise,.5� of scatter, thanthat
in theSC,10-30� of scatter(for review seeVoigt et al., 1983),but this differenceis invisible using
thismethod.It follows thatJeffery’s methodhasa resolutionof, atbest,10� of scatter.

Becauseof theselimitations, the time-courseof fine retinotopicorganizationin the retino-
geniculateprojectionis unknown. It is possiblethat theretinotopy is fairly sharpfrom theearliest
in-growth of RGCaxons,or theprojectioncouldberelatively disorderedinitially (like themature
SC)andthenrefinegradually. If thelatteris truethenactivity-dependentmechanismsmayplay an
importantrole in refiningtheprojection.

DirectMeasures: SC. Thedevelopmentof retinotopy hasbeeninvestigatedfar moreexten-
sively in theSC (andthe tectumof lower animals)thanin thedLGN. In hopesof sheddingsome
light on generaltrendsin the developmentof retinotopy, the findingsarepresentedin brief form
here.

3SretavanandShatz,1987performedthis sameexperimentonseveralanimalsin which theretinaswereaccidentally
damagedand,asexpected,foundretinotopicgapsin thedLGN.Thelevel of resolutionwaspoorenoughfor themto state
that“the degreeof topographicprecisionin theprojectionfrom theretinato thedLGN duringfetaldevelopmentrequires
muchfurtherdirectstudy”.

4Topographicorganizationis notdemonstrablein thepartof thedLGN closestto theoptic tract(C laminae)until later
ages(aroundD44). That is, thegapin the labelingdoesnot extendthe full mediolateralextentof thenucleus,rathera
bandof labelingremainsbetweenthegapandtheoptic tract(Jeffery, 1989).
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Chalupaandhiscolleagues(1996,1990)havedoneelegantexperimentstodeterminethedegree
of retinotopy in thedevelopingretinocollicularprojectionin cats.Becausetheseexperimentsrequire
in utero surgery, the precisedepositof a retrogradetracerinto the target tissue,andthenkeeping
the animal alive for up to 2 days— they are difficult to perform. Becausethe tracerdeposits
arevisually guided,theseexperimentsarelikely performedin the SC becausethat nucleusis not
coveredby thecortex andis thusvisibleduringtherelevantperiodof pre-nataldevelopment.There
arenocomparablestudiesin thedLGN (Chalupa,personalcommunication).

Thesestudieshave found lessthan1% of RGC’s madegrossprojectionerrors. At all ages
(E37 to adult) therewasa focusedareaof high densitylabeling in the retina. The ectopiccells
werescatteredthinly acrosstheentireretina. Thesefindingscontrastwith thefinding (in the rat)
thatthereis moredisorderin theoriginalprojectionthanin theadultprojectionandthattheectopic
cellsstemmostlyfrom immediatelyneighboringretinalregions(SimonandO’Leary, 1990).These
differencescouldstemfrom methodologicalor speciesdifferences.

3.3.6 LaminarOrganization

Therearetwo main substratesof laminarstructure:thesegregationof RGCaxons(“afferent
segregation”), and physicalsegregation of dLGN cell bodiescorrespondingto the formation of
interlaminarcell-sparsespaces.Cellular laminationlagsafferent segregation by about2 weeks,
startingaroundD60 andcontinuinguntil just beforeeye opening(D73) in theferret(Lindenet al.,
1981).

The segregationof axonsis two-fold with eye-specificlayersandon/off sublayersforming.
Themostrobust,earlyandmarkedsegregationis betweentheafferentsfrom thetwo eyes.That is,
theRGCaxonsfrom theeacheye segregateover thecourseof developmentsuchthat in theadult
animalthey arborizein roughlyalternatinglayers. Axonscrossthe layersinnervatedby theother
eye(if necessary)with aminimalaxonalshaft,rarelyretainingany sidebranches,terminalboutons,
or synapsesin theinappropriatelayers(Shatz,1983;SretavanandShatz,1984;SretavanandShatz,
1986).

Theaxonsof differentfunctionalsubtypesof RGC’s(i.e. X, Y, andW cellsor onandoff cells)
alsotendto focally arborizein somelayersof thedLGN while only traversingor simply avoiding
inappropriatelayers.Axonsfrom on andoff centerRGC’s do not segregatein thecat,but they do
separateto form separatesublayersin theA laminaeof theferret. Theon/off layersform after the
eye-specificlayers(WongandOakley, 1996).

Segregationof Afferents. Theaxonsof differentfunctionalsubclassesof RGC’s (e.g.on and
off andX- andY- ) aregroupedin theopticnerve(SretavanandShatz,1987).However, whenaxons
grow into the dLGN, the arborsfrom the two eyesand from different functionalclassesoverlap
extensively. This tendency toward initial overlapof the afferentsis weaker in catsthanin ferrets
or monkeys. Accordingto somereportsmonkeys have 100%anatomicaloverlapin the immature
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dLGN (Rakic,1977p. 206asquotedin (Shatz,1983)),while ferretshave nearlycompleteoverlap
in thebinocularportionof thenucleus(Lindenetal.,1981,but seePennetal., 1998for illustrations
of incompleteoverlapatD41).

In bothferretsandcats,theimperfectmixing of afferentsreflectstheearlycontralateraldomi-
nanceof thedLGN.Contralateralafferentsarrivefirst andpenetrateall thewayto themedialborder
(theA laminae),aheadof theipsilateralaxons.It is thought(Shatz,1983;GarraghtyandSur, 1993)
that this givesthecontralateralaxonsa competitive advantagein occupying thedeepestA laminae
(i.e. theportionof thedLGN farthestfrom theoptic tract). In fact, thedeepestportionof thecat’s
A laminaeis never innervatedsignificantlyby theipsilateralafferents(seefigure13 (Shatz,1983)).
In ferrets,theipsilateralcomponentfills theentiredepthof thenucleusearlyin development(Cuc-
chiaroandGuillery, 1984),althoughit never innervatesthemonocularsegmentof thenucleus(see
Fig.4.1andseeSec.3.3.7).

In catsandferretsalike, afferentsegregationstartsbetweenD43-47andis completearound
D60, about2 weeksbeforeeye opening(Cucchiaroand Guillery, 1984). In cats, the extent of
overlappeaksaroundat D45, at this point 90% of dLGN cells canbe driven binocularlyandthe
percentageof dLGN that is highly innervatedby botheyesis 40%. At birth (D65) around50%of
thecellscanbedrivenbinocularlyandtheafferentsarehighly segregatedsothat lessthan10%of
thedLGN is innervatedsignificantlyby botheyes. In addition,theremustbesignificantpostnatal
developmentof the connections,becausebinocularly driven cells are quite rare in the adult cat
dLGN (ShatzandKirkwood,1984;Shatz,1983).

The order of laminationproceedsroughly from the deepestportionsof the dLGN to those
closestto theoptic tract.At D47 in catstheafferentsfrom thecontralateraleyeoverlapsA1, except
in the posteriorpole, wherelaminationhaspresumablystarted. At D54 afferentsto A1 and A
aresegregatedbut the C laminadivisionsaredifficult to discern. By D60 in catsthe segregation
betweenlayerA1 andlayerC is visible (Shatz,1983).Adjacentlayersinnervatedby thesameeye,
e.g. on andoff leaflets,aresegregatedafter thoseinnervatedby differenteyes (Casagrandeand
Condo,1988).

At D43 (birth) theferretdLGN is unlaminated.Theeye-specificlaminationof RGCarborsis
nearlycompleteby D48-D51(Pennetal., 1998;WongandOakley, 1996).FromD43-D46theipsi-
lateralfibersprogressively concentratein thecaudalandmedialregion, andthecontralateralfibers
retreatto thelateralareaandtherostralmedialarea.BetweenD47-D51theipsilateralrepresentation
expand,denselyinnervatesA1 andlightly innervatesC1. Thecontralateralfibersoverlapthebor-
dersof A1 andall of C at thispoint. Theafferentsarecompletelysegregatedinto eye-specificlayers
afterD58 (Lindenet al., 1981). In ferrets,thesegregationof on andoff afferentsin dLGN occurs
after theeye-specificaxonsegregation— from D55-64(WongandOakley, 1996). MaturedLGN
cells in the ferretandcat aremonocularlydriven andarefunctionalclassspecificphysiologically
(seeMastronarde,1992for counter-examples).
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Developmentof Cellular Lamination. In cats,cellularlaminationlagsafferentlaminationby
about2 weeks.Cytoarchitecturalsegregationof A/A1 startsaroundD60 (Shatz,1983).TheA1/C
interlaminarzoneemergesaroundD68 reachingits maturecell-sparsecharacterby D79 (Chalupa
andWhite,1990).

In ferrets, laminationbetweenlayer A/A1 occursbetweenD51-58. Cellular laminationis
apparentwhen the RGC arborsare still overlappingthe interlaminarboundaries(Linden et al.,
1981).Thelaminarmaturationof thenucleusis completeby D71(Wongetal., 1993;Lindenetal.,
1981). Although theC laminaesegregateafter thoseof theA laminae,many of thecells in theC
laminaeareactuallymoremorphologicallymaturethanthosein theA laminae.This paradoxical
trendreflectsof therelatively earlymaturationof theW-cells, theprimary inputsto theC laminae
(FriedlanderandTootle,1990).

Thecell sparseinterlaminarregionsreceive inputsfrom extra-retinalsourcesaftertheprocess
of laminationis well underway. It is thoughtthatthis in-growth (perhapsjust following thepathof
leastresistance)mayaddmechanicalassistanceto thepresumablychemical(trophic) influenceof
activity on laminardevelopment(CasagrandeandCondo,1988).Interestingly, thecell freespacein
thedLGN representingtheoptic discformsat thesametime thattheinterlaminarspacesareform-
ing. This suggestsa link betweenrefinementof retinotopy andlaminarsegregation (Casagrande
andCondo,1988).

3.3.7 ActivityDependenceof Eye-SpecificLayerSegregation

Lid suture,darkrearing,pharmacologicalblockof activity in theeyeor dLGN,andenucleation
(removal of aneye) all eliminatedifferentaspectsof activity duringdevelopment.

Acrossthesemanipulations,X arborsseemto have their developmentspecifiedrelatively in-
dependentof activity, andtendto ramify in theappropriatelayer in almostall cases.Y axons,on
theotherhand,seemto rely onactivity to enablethemto competitively grow theirarborsafterbirth.
Without normal patternedbinocularinput the Y arborstend to be smallerthan normal in layers
that receive X input, andtheY arborswill invadedeafferentiatedlayers,even if they arenormally
inappropriatetargets(GarraghtyandSur, 1993). In summary, the laminarlocationof X arborsis
relatively activity-independent while thatof Y arborsis relatively activity-dependent.

Dark Rearing, Lid Suture, and Strabismus. The methodsof lid suture,dark rearing,and
strabismus5 areonly possibleafterbirth (D43 in ferrets,D65 in cats)andareonly usefulafter the
onsetof photoreceptorfunction (after D57 in the ferret (Wong et al., 1993)andafter D71 in the
cat— 5 daysprior to eye opening(FriedlanderandTootle,1990)). In thecat thesemanipulations
caninfluencethemaintenanceof afferentsegregation(the initial segregationis largely completed

5Strabismusis misaligningthe two eyesthroughsurgery. This procedurealtersvisual input suchthat points in the
opposingretinasthatwould normallyhave overlappingreceptive fieldsno longerdo.
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by D65 in cat), the postnatalintralaminardevelopmentof axonalarbors(in the cat peakingfrom
D65-D93andcontinuinguntil D140(GarraghtyandSur, 1993)),andthedevelopmentof cell free
inter-laminarzones(startsD60 in thecatandferret).

All of thesethesemanipulationseliminatethe fine binocularpatterninformationthat would
normallybepresentin visualstimuli. Thereis aninterestingcontrastbetweentheresultsof binocu-
lar lid sutureanddarkrearing.While lid sutureselectively preventsvisualpatterninformationfrom
reachingthe retina6, dark rearingentirelyeliminatesthe influenceextrinsic activity. Interestingly,
themerepresenceof relatively unpatternedlight seemsto affect thedevelopmentof RGCarborsin
thedLGN.

In dark rearedanimals,postnataldevelopmentis slowedbut therearenot significantchanges
in laminationor X/Y axonmorphologyin thedLGN. Thetruly surprisingresultis thatdevelopment
is normalin darkness.If theY axonsaretakento expandundertheinfluenceof externallyprovided
input, thentheY arborsin thedarkrearedanimalswould beexpectedto besmall to theextentthat
thereis no activity in theeyes. Clearly thereis no activity that is correlatedbetweenthe two eyes
in a normalfashion.Intrinsic activity (analogousto the retinalwavespresentbeforeeye-opening)
might providesenoughinformationto supportnormaldevelopment(GarraghtyandSur, 1993). It
is known for examplethat RGC’s in the adult ferret retinaarespontaneouslyactive during sleep,
thoughnot in thehighly spatio-temporallypatternedwaythey arein fetaldevelopment(Wongetal.,
1993).Perhapsextrinsic sourcesof light actasa triggerto endtheperiodof spontaneouspatterned
activity in theretinaandthissignalis bypassedin dark-rearedanimals.

In contrast,binocularlid sutureandstrabismusbothpreventRGCaxonsfrom developingnor-
mally. Specifically, bothmanipulationscausethetheY arborsin theA laminaeto besmallerthan
normal,but do not effect theY arbors.This patternsuggeststhattheY arborsaredisadvantagedin
theA laminawherethey competefor spacewith X axons,but arenormallysizedin thelayerswhere
they don’t have to compete(GarraghtyandSur, 1993). This disadvantagestemsfrom both lack of
finepatterninformationandmisalignedbinocularinformation.

Onepossiblemechanismsupportingthe abnormaldevelopmentafter strabismusis the asyn-
chronizationof firing in nearbydLGN cells(GarraghtyandSur, 1993).Thenormalalignmentof the
retinotopicmapsin adjoininglayersmight tendto supportthesynchronousfiring of nearbycellsin
differentlayersbecausethosecellshave receptive fields in nearbypartsvisualspace.It is possible
that themisalignmentinducedby strabismuscausesa asynchronicityin thefiring of nearbydLGN
cellsin differentlayers.Thisasynchronicitycouldunderminemechanismsof “cooperative growth”
betweenY cells in adjacentlayers(e.g. locally releasedtrophic factors)that might normally be
present.

Enucleation. In caseof binocularenucleationthereare,of course,no afferentsto be seg-
regatedin the dLGN. It hasbeennotedthough,that interlaminarspacesfail to form in casesof

6See(GarraghtyandSur, 1993)for discussionaboutvisualinformationthatdoesgetthroughtheeye-lids.
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binocularenucleation,suggestingthatthis processis dependenton thepresenceof retinalafferents
(CasagrandeandCondo,1988;Guillery etal., 1985).Overall dendriticarborstendto grow slightly
lessin binocularlyenucleatedferrets.Theincidenceof longunbrancheddendritesseemmorecom-
mon in enucleatesthanin normals(SuttonandBrunso-Bechtol,1993). Thedevelopmentof some
aspectsof dendriticmorphologyalsoseemto beslowedby binocularenucleation.Forexample,club
like appendages(terminalclusters/glomeruli)don’t show up until afterD64 in enucleatedanimals,
but show up beforeD64 in normals(SuttonandBrunso-Bechtol,1993).

Monocularenucleation(andtheapplicationof TTX) aftertheformationof eye-specificlayers
(i.e. at birth in cats,or 3 weeksafter birth in ferrets)preventsthe normalpostnataldevelopment
of the X and Y arbors. The X arborstend to retain the exuberantarbor size that they achieve
betweenD86-93. The Y arborstend to be smallerthanaveragein the A laminae,andthey also
tendto sproutinto inappropriatedeprivedlayersandarborizethere.They seemto follow thecourse
of leastresistance,ramifying their arborsin areaswith minimal competition(GarraghtyandSur,
1993). Under thesemanipulations,both X arborsandY arborsaremorediffuse than in normal
development.

Monocularenucleationin combinationwith lid sutureof the remainingeye resultsin more
clearlydefinedlaminationthanthemonocularenucleationalone.If oneinterpretslaminarstructure
asa resultof even competitionbetweenthe eyes(andfunctionalcell classes)thenthis finding is
not surprising.Essentiallythesutureattenuatesthecompetitive advantagethat is givento thenon-
enucleatedeye — providing amorebalancedactivity (Garraghtyetal., 1986).

Monocularenucleationbeforetheperiodof layersegregation(pre-natallyin cats,or atbirth in
ferrets)leadsto radicallyabnormallaminardevelopmentin thedLGN. Roughlytwo layersform, a
magnocellular-like layerlikely consistingof collapsedA, A1 anddorsalC, andaparvocellular-like
layer likely consistingof themoreventralC layers.Theselayersareseparatedby a cell freezone.
The X andY arborshave differentetiologiesin theseanimals. X axonsterminatein regionsthat
wouldbetheappropriatelayersfor theireyeof origin in a laminateddLGN — in theinneror outer
portionof themagno-like layer in contralateralandipsilateraldLGN respectively. Y axons,on the
otherhand,arborizethroughoutthemagno-like layer, presumablydueto lack of competition(Sur,
1988).

Phamacological Blockade. Application of TTX before the period of laminar segregation
blocks eye-specificlayer development(Shatzand Stryker, 1988). Someevidencesuggeststhat,
evenunderthe influenceof TTX, the ipsilateralafferentsdo not innervateall of layerA (i.e. they
don’t reachtheinnermostborderof thenucleus).ThedLGN doesgrow to normalsizeduringTTX
applicationandarborsdevelop, thoughabnormally, so TTX doesnot simply freezedevelopment
(Sretavanetal., 1988).

TTX actuallyencouragesexuberantgrowth in thedeprivedRGCarbors.Undertheinfluenceof
TTX, theretinogeniculatearborsfrom eacheye arborizein theentirenucleus,sometimescrossing
its entire mediolateralextent. The silencedRGC’s have much wider, more extensive, and less
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selectively ramifying arbors(Sretavan et al., 1988). This expandedarbor size may accountfor
the elongated,diffuseandsometimespatchyreceptive fields of deprived dLGN relay cells when
comparedto non-deprived cells (Archeret al., 1982). Following this tendency towardexuberance
in the absenceof activity, the numberof dendritic spinesin catswith TTX appliedto the optic
nerve andthalamusis 300%thenumberin normals(Dalva et al., 1994).Thesedendriticspinesare
capableof formingfunctionalsynapses(Dubinetal.,1986)eventhoughthey arefrozenat thepoint
of impulseblockade,retainingimmaturecharacteristics(Kalil et al., 1988).

Applicationof TTX to neonatalkittenspreventsthedLGN cellsfrom receiving inputfrom only
oneRGCtype.NormaldLGNcellsreceiveinputsonly fromoneof eachof thesesubtypesof RGC’s.
In contrast,dLGN cellsafterneo-natalTTX applicationreceive inputsfrom bothX andY RGC’s
andfrom bothon andoff-centerRGC’s. TTX seemsto allow RGC’s to form functionalsynapses
oncellsthatarenot theirmatchedpartners.Thesefindingsareconsistentwith theabnormalgrowth
seenin RGCarborsundertheinfluenceof TTX. Theseeffectsareattenuatedby allowing arecovery
periodafter thedeprivationor by delayingthe initial deprivation (themeasureis numberof mixed
on/off cells (Archer et al., 1982)). The attenuationof the effect of deprivation demonstratesthat
dLGN connectivity losessomeplasticity after early post-nataldevelopment. The ability of older
dLGN (D100-D114)cellsto partially recover from deprivationdemonstratesthatthedLGN retains
someplasticity long aftersegregationof theafferents(D58),andcellularsegregationarecomplete
(D80) (Archeret al., 1982;Dubinet al., 1986).

Intra-ocularBlockade. Recentlyresearchershave managedto block activity at theeye using
intra-ocularinjections(Pennetal.,1998).Intra-ocularblockadehastheadvantagethatit canbeused
to investigatetherole of activity-dependentcompetitionbetweensynapses.Completeblockadeof
activity at thedLGN cannotprovide informationabouttherole of competition,becauseactivity at
all synapsesareblockedsimultaneously.

Usinginjectionof epibatidine(anAchRcholinergic receptorblocker, time-releasedvia impreg-
natedlatex micro-spheres),theresearcherscompletelyabolishedwaveactivity andactionpotentials
in theRGCsof injectedeyes.Repeatedinjectionsduringtheperiodof eye-specificlayersegregation
(D41-D50)blocked the laminarsegregationof retinalafferents.In fact, in the ipsi-lateraleye, the
projectionfrom the treatedeye decreasedsubstantially(even disappearingin someanimals).The
treatedeye’sprojectionto thecontra-lateralretinalremainedalmostnormalin themonocularportion
of thenucleus,but wasmuchsmallerin thebinocularportionof thenucleus(i.e. layerA is much
smaller).Theremainingprojectionto thebinocularportionsometimesremainedintermingledwith
the ipsi-lateralprojectionfrom theuntreatedeye. In thecaseof binocularinjectionthemonocular
regionsof thedLGN still receivedinputsfrom only thecontralateraleye. In thebinocularregionthe
axonsfrom both eyesareintermingled,with little sign of eye-specificlayer formation. It appears
that layer formationis dependenton theactivity-dependentcompetitive interactionsbetweenRGC
axons.
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Theresearchersalsopointout thattheirexperimentsuggeststhatretinotopy is preservedwith-
out the influenceof activity, becausethemonocularportionof the retinaappearsto receive inputs
from theappropriateretinalsourceswithout the influenceof activity. This degreeof retinotopy is
roughlyequivalentto thatdemonstratedin Jeffery’s work discussedabove in Section 3.3.5.

3.3.8 ActivityDependenceof On/Off SublayerSegregation

The formationof on/off sublayersin the ferret is activity-dependent.Hahmandcolleagues
(1991)blockedN-methyl-D-asparate(NMDA) receptormediatedactivity by administeringD-APV
(an NMDA receptorblocker) to the thalamusduring the periodof on/off layer segregation(D55-
D62). They found that the sublayersfailed to segregate,andRGC axonalarborsoften spanthe
sublayers.Evenwhenthearborsarerelatively restricted,they arepositionedwithout respectto the
sublayerborders.Notably, APV doesnot abolishgeniculateactivity (unlike TTX) — it attenuates
the post-synapticactivity. Their resultshighlight the specificrole of NMDA receptormediated
activity in theformationof thesublayers.

3.3.9 MapsandLayers: Shifting

Jeffery’s work (1985,1989,1990)hassomeinterestingimplicationsbeyonddemonstratingthe
presenceof retinotopy in the early retinogeniculateprojection. His findingsdemonstratethat, in
neo-natalferrets,boththeipsilateralandcontralateralprojectionsto thedLGN innervatealmostthe
entirenucleus.However, aswasmentionedabove,theipsilateralprojectionis smallandonly comes
from a smallpatchof the temporalpartof the retina. Thecontralateralprojectioncomesfrom the
entireretina in the neonateandonly the centralandnasalportion of the retinain the adult. The
mosttemporalportionof thecontralateralprojectiondiessometimebetweenD41-45. Theportion
of visualspacerepresentedby theneonatalipsilateralprojectionis only in correspondencewith the
mostcaudalportionof thecontralateralprojection.This meansthat theneonatalprojectionsfrom
theprojectionsfrom the two eyesarenot in registerasthey arein theadult (compareFigs. 1 and
11 in Jeffery, 1990). The projectionsmustshift in relationto eachother, suchthat the ipsilateral
projectionis limited to thecaudalportionof thenucleusis alignedwith thecorrespondingportion
of thecontralateralprojection.

Becausethesemapsshift andbegin to comeinto registeraslaminarsegregationis occurring,
the mapsmust“shift througheachother” during this portion of development. This phenomenon
demonstratesthataxonalarborsin thedLGNarecapableof adjustingrelativeto otherarborswithout
requiringthecell to pruneaninitially exuberantarbordown to a final shape.Jeffery postulatesthat
the two mapsfirst comeinto registerat a singlepoint, the caudalpole of the nucleus,when the
temporalportionof thecontralateralprojectiondiesout. This lossbringsthemostcaudalportionof
both the ipsilateralandthecontralateralprojectioninto registration— i.e. they thenrepresentthe
samepoint in visualspace.After this point Jeffery postulatesthat themapsseekregistrationat all
points,shrinkingtheipsilateralprojectiondown to theonly portionof thecontralateralprojectionto
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which it it correspondsandleaving thelateralportionof theferretdLGN with purelycontralateral
innervation(compareFigs.1and11 in Jeffery, 1990).

To theextent that this shifting occursaftereye opening,activity couldplay a role in aligning
the mapsfrom the two eyes. Beforethat point activity cannot help align the layers,becausethe
retinalactivity at correspondingpointsin thetwo retinasis notespeciallycorrelated.

3.4 PhysiologicalDevelopment

Activity-dependentprocessesarequalitatively differentthanmechanicalor chemicalmecha-
nismsbecausethey arefoundedin thetransientelectricalactivity of thecells ratherthananatomy.
Key issuesaboutactivity-dependentmechanismsare: whetherthereis activity presentat theright
time andin the right form to effect developingprojections,whetherthe activity that is presentis
propagatedbetweentissuesin a way that could supportthe developmentof usefulstructure,and
whethertheimmaturedLGN displayslong-termpotentiation(LTP)or otherHebbianprocesses.

3.4.1 ImmaturedLGNPhysiology

In orderfor activity-dependentmechanismsto be at work in the retinogeniculateprojection,
the immaturedLGN musthave two physiologicalproperties:responsivenessto retinal input and
LTP or a similar mechanismof synapticchange.Both of thesepropertieshave beenfound in the
developingdLGN, asdescribedbelow. Becausethedetailsof thedLGN’s responseto retinal input
arecentralto thepresentmodel,they will bediscussedat length.

RetinogeniculateTransmission. The earliestfunctional retinogeniculateconnectionis D39
(ShatzandKirkwood, 1984),well beforethe periodof laminarsegregation. Recentstudieshave
shown thatburstingexcitationduringthefirst post-natalweeksis transmittedto thedLGN andmay
evenhave awave-like characterthere(Pennet al., 1995;Mooney etal., 1995).

Theinfluenceof thisretinalinput is potentiatedby severalfactors,includingthelackof spindle
wavesin dLGN relaycellsbefore � D65(McCormicketal., 1995).Theability of dLGN relaycells
to fire CA 
�� spikesalsodoesn’t appearbefore � D62(RamoaandMcCormick,1994a).ThedLGN
relaycellsarethusstuckin the“tonic” stateduringthisperiodof development.Theabsenceof these
formsof intrinsic dLGN activity presumablysupportsthetransferanduseof retinalexcitation,and
is likely linkedto immatureinhibitory circuitry.

AttenuatedGABA inhibition. Anatomicalandphysiologicalevidenceindicatesthat GABA
inhibition in thedLGN is highly attenuatedduringthelayerandsublayersegregation.dLGN tissue
stainedwith antibodiesfor GABA andGABAergic enzymes(glutamicaciddecarboxylase,GAD)
doesnot show detectablestainingin the A layersuntil the endof eye-specificlayer segregation
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(D59) in thecat(Shotwellet al., 1986).Evenat D59 thedistribution of stainingis far weaker than
at maturity — nearmaturelevels of stainingaren’t seenuntil 2 monthsafter birth. The presence
of stainingat glomerularterminalsis only presentafter thefirst postnatalmonth. Likewise,at the
post-synapticmembrane,thenumberof GABA receptorson glomeruli increases10-20fold from
P0to maturity(FriedlanderandTootle,1990).Ultrastructuralanalysisof theglomerularstructures
supportstheconclusionthatglomerularstructuresarevery immatureatbirth andonly begin to take
on theirdistinctive structureafterafterthethird postnatalweek(Mason,1982).

Thesefindingsarein accordancewith thephysiologicalfindingthatGABA mediatedfunctions
in thedLGN maturelargely after the focal periodof refinement.In thecat, inhibition hasa mea-
surablemodulatoryeffect on dLGN relay cell responseonly after D59 in the cat, at a time when
segregationof afferentsis nearlycomplete.Theresponseof dLGN relaycells to GABAa stimula-
tion emergesat a similar time,becomingmeasurableabout10 daysbeforeeye openingandslowly
maturingafter that point (FriedlanderandTootle, 1990; ShatzandKirkwood, 1984; Ramoaand
McCormick,1994b).

Both GABAa andGABAb mediatedIPSPsareabsentat birth in theferret. GABAa mediated
IPSPsmaturegraduallyfrom birth to � P21,while GABAb mediatedIPSPsdon’t matureuntil after
P21(RamoaandMcCormick,1994b;WhiteandSur, 1992).Interestingly, it is possibleto generate
recurrentIPSPsby stimulationof theRNT/PGNwell beforeIPSPscanbeevokedby feed-forward
stimulation(RamoaandMcCormick,1994b),thusGABA receptorsseemto beoperationalbefore
they areusedby thefeed-forwardsensorycircuits.

HeightenedNMDAexcitation. ThedLGNrelaycellsduringtheperiodof segregationactually
respondespeciallyeasilydueto moreefficaciousNMDA receptorfunction, inhibitedburst firing,
attenuatedrestingpotential(RamoaandMcCormick,1994a),longeractionpotentialdurations(4-5
timeslonger),andlongerEPSPs( � 2 ordersof magnitudelonger, RamoaandMcCormick,1994b).
Theseeffectsareduepartly to thelengthenedmembranetimeconstantandNMDA generatedEPSC
durationin immaturedLGN relaycells,but they aremoredramaticallyeffectedby the initial lack
of GABA mediatedIPSPs(RamoaandMcCormick,1994b).

Becausethe EPSPsareuntruncatedby GABA inhibition, a 25Hz excitatory input (the firing
rateof anRGCat thepeakof aretinalwave)will cumulatively depolarizeanimmaturedLGN relay
cell, but not a maturecell. Further, in an immaturecell a weakdepolarizationis more likely to
generateanactionpotentialbecausethemembranehasa lower restingpotential,andis closerto its
firing threshold.

Interestingly, theNMDA componentof theexcitatoryresponseis eventuallyovershadowedby
otherexcitatory channels.Blocking theNMDA receptorseliminatesthis EPSPsummationin the
first 2-3 weeksof development,but afterD65 NMDA blockadehaslittle effect on theresponsivity
of dLGN relaycells(RamoaandMcCormick,1994b).
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ReceptiveField Development. dLGN relay cells have weak inhibitory surroundsand large
receptive fields prior to � D65 in cats(i.e. the surroundstrengthis only about50% of its adult
magnitudeby D62, FriedlanderandTootle, 1990). Thereis evidencesuggestingthat the lack of
inhibitory surroundis dueto immaturityin theinhibitory pathwaysin thedLGN. BerardiandMor-
rone(1984) testedthe effectsof applicationof GABA anda GABA agonist(bicuculline)on the
responsesof X-type dLGN relay cell responsesto sinegratings.Although GABA applicationin-
hibitedthecell’s response,theapplicationof thebicucullinehadno measurableeffect on thecell’s
responsepropertiesbeforeD95 in cats. Bicucullinehaseasilymeasurableeffectson the response
propertiesof maturedLGN dLGN relay cells. This finding suggeststhateven after the inhibitory
pathwaysarelargely in place,they arenot functioningto shapedLGN relaycell responseuntil the
secondpost-natalmonth.

Otherresearchershave foundthatspatialresolvingpowerandsurroundinhibition in thedLGN
changedramaticallyaroundD80. At this point theaccentuationof the inhibitory surroundseenin
thedLGN startsto reachmaturelevels(IkedaandTremain,1978;Danielset al., 1978).

3.4.2 LTP

The immaturedLGN exhibits LTP (Mooney et al., 1993),perhapseven heightenedLTP due
to heightenedNMDA channelefficacy comparedto the maturedLGN (RamoaandMcCormick,
1994b). This suggeststhat during the period of laminar segregation, the dLGN hasheightened
responsivity to retinalsignalsandtheability to usethosesignalsto guiderefinementof theretino-
geniculateprojection.

3.4.3 RGCSpontaneousActivity

It hasbeenfoundthat thedevelopingretinais active in a surprisinglyorganizedfashion.This
activity seemswell-suitedto supportactivity-dependent refinementof the retinogeniculateprojec-
tion. Becausethe activity is highly systematicandcorrelatedwithin eacheye, andprobablynot
correlatedbetweenthe eyes, thesepatternsof activity cansupporteye-specificsegregationof af-
ferentsin thedGLN. Roughcalculationsalsosuggestthat thewavescouldsupportactivity-driven
refinementof theretinotopicprojectionto adult levelsof precision.

Usingarraysof micro-electrodes(Meisteretal.,1991;Meisteretal.,1994;Wongetal.,1993),
andvoltage-sensitive dyes(Wong et al., 1995; Feller et al., 1996), researchershave beenableto
recordactivity in the immatureferret retina. They have found this activity to bequite regularand
systematic— essentially, wavesof high firing rates,or bursting, travel acrossthe retina. These
waves propagatethroughthe ganglion(andamacrine)cell layer during the period from D43 (at
latest)up to D64. This activity is independentof light, in fact the photoreceptorsare not even
functionalduringthisperiod.Thewavesdisappear� D73 justbeforeeye opening(D75). Theadult
retinais alsospontaneouslyactive,but only in thedark,andnot in suchanorganizedmanner(Wong
etal.,1993).Importantly, thetiming of thisorderedactivity coincideswith thetimethateye-specific
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layersof thedLGN aredifferentiatingandperhapswhenretinotopicmapsarebeingrefinedin the
dLGN (Wongetal., 1993).

Thewavesarebandsof ganglioncellsfiring in sustainedburstsat thecrest,with neuralfiring
ratesfalling off with distancefrom thecrest.Wavesgenerallyoccuroneatatime,staggeredby quiet
periodsof 30 to 60 seconds(Wong et al., 1993). Wavesbecomebroaderandmorefrequentover
development,but they move at thesamespeedregardlessof age(Wonget al., 1993).Thesewaves
only includetransientsubdomainsof theretina(e.g. a largeonemight cover a third of theretina),
they movequiteslowly (around1%to 10%thespeedof normalsynaptictransmission,100-300 %'&(�)+*
with burstsof speedup to 500 %,&(�)�* ), andthey start from randompointsandpropagatein random
directions(Wonget al., 1993;Felleret al., 1996).Investigationsinto theanatomicalbasisfor these
wavessuggeststhat they propagatethroughsynaptictransmission,andthat cholinergic amacrine
cellsareinvolvedin wavepropagation(Felleretal., 1996).

Retinotopy. (Wong et al., 1993)madecalculationsshowing that thesewaveshave the right
temporalpropertiesto supportlong-termpotentiation(LTP) in thedLGN. Studiesin thehippocam-
pusindicatethatspikesarriving within .05sof eachother(“coincidentspikes”),canpotentiateLTP.
During the time of wave activity, nearbycellshave up to a -/.0.
� thenumberof coincidentspikes
thanwould beexpectedat random(P0,P21: 12.
� , P30: 34� , adult: -5� ). Thenumberof coincident
spikesdeclinesexponentiallyin proportionto distanceatall ages.Roughly, atbirth (D43)ganglion
cellsseparatedby 200 �
	 havespikeswhicharelessthanhalf asstronglycorrelatedascellsthatare
neighbors.Thereis still a relatively high correlationbetweenmany of thecellsseparatedby up to
600 �
	 (averageof 5 timesascorrelatedasrandomcellsfrom D43-D65,but theauthorspostulate
thatcorrelationsdropto randomaround1 mm).

Becausethewavespropagatein differentdirections,andcanbeorientedin any direction,they
canserve to clustertheaxonsof RGCsat relatively distantpoints(i.e. thelengthof thewavefront)
in the retina. The extent to which the wavesmay aid in the refinementof retinotopy requiresthe
conversecalculation— i.e. what is the minimum distanceat which RGC’s aredifferentiatedby
their activity patterns. For example,a very wide wave would do little to differentially activate
neighboringRGC’sandcouldnot supportthesegregationof their afferents.

In concreteterms,the overall width of waves is about200-400 �
	 (Meister et al., 1994);
this correspondsto a width of approximately5-15RGC’s (calculatedfrom RGCdensitiesreported
in (Sanderson,1971). (Wong et al., 1993)suggeststhat the distanceover which the numberof
coincidentfiringsdropsby 50%is aplausiblelowerboundonthisminimally differentiabledistance.
This boundroughly doublesfrom 170 to 300 �
	 from D43-D48andthenstaysconstantthrough
D73. In conjunction,the retinaexpandsduring this time (D48-D73)reducingthedensityof cells
in the mid-peripheralretinaby 50%. The numberof cells that arewithin the crucial distancefor
supportingLTP thusgoesdown by 50%, effectively sharpeningthe extent of the waves in terms
of RGC’s even thoughthe wavesarephysicallywider (Wong et al., 1993). Determiningwhether
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this degreeof precisionis sufficient to sharpentheprojectionto adult levelsof retinotopy requires
furthercalculations.

1� of visualangleis approximately130 �
	 in aD79catretina(FriedlanderandTootle,1990),
yieldinga lowerboundonsharpeningis approximately2.5� ( 62.0.2�
	879-:62.
%'&;=<�> ). Thus,waveactivity
candifferentiallyactivateRGC’s thatare2.5� apart.TheRGCaxonalarborsin thedLGN overlap
thoseof other RGC’s from 2� (areacentralis)to 11� distant(periphery). Similarly, the scatter
in receptive fields of cells that have RF centersat the samepoint in visual spacehave an overall
scatterof 2-10� (areacentralisto periphery),with thestandarddeviation of thescatterbeing.5-2�
(Sanderson,1971).7 Giventhat therecordingsof retinasweredonebetweentheblind spotandthe
periphery(Meisteret al., 1991;Wonget al., 1993),they likely arebetween5-20� eccentricityin
theretina. Therefore,in theadult theminimal amountof visualdistanceonecanshift andbesure
of shifting laterallyin termsof dLGN cellsis approximately3-5� . By thesecalculations,thewaves
couldserve to refineretinotopy to adult levelsin thedLGN.

Laminar Segregation. Wave activity generatescoincidentspikeswithin a retinabut not be-
tweenthetwo retinas.Becausethewavesarepassedby synapticactivity, wave activity in thetwo
eyesis probablyindependent.In addition,theshortdurationof a givenwave (4-5 s) andtherela-
tively longquietperiods(40-60s)betweenwavesinsurethatmostof thetimewhenthereis awave
in oneretinatheotherretinawill besilent.Thesefactorswill stronglysupporttheemergenceof eye-
specificclusteringof afferentsin theretinogeniculateprojection.Further, thereis somecorrelation
informationin thewave activity thatcouldserve to supportfunctionclassspecificsegregation.

Duringtheperiodof on/off sublayersegregationin thedLGN aresegregating(D55-67),theon
andoff-RGC firing patternsdifferentiate.Beforethis period,theon andoff afferentsacthomoge-
neously. Theresultingcorrelationsbetweencell firing areindependentof on/off-cell characteriza-
tions. During the periodin which the afferentsaresegregatingthe on andoff inputsbecomeless
correlatedin theiractivity patterns.Theshift is rootedin thefactthattheoff cellstendto burstmuch
morefrequentlythanthe on cells (i.e. 3-4 � asmuch). Up to 75% of the time whentheoff cells
arefiring the on cells in the samepatchof retinaaresilent. The off cells alsobecomesomewhat
de-correlatedwith eachotherat thispoint,suggestingthattheirfiring becomesmore“noisy” during
thisperiod(WongandOakley, 1996).Thefiring of oncellsremainshighly correlated,andthey will
still have ahigherproportionof their spikesbecoincidentwith otheroncellsthanwith off cells.

7Thesefiguresareconsistentwith somefiguresaboutRGCarborizationandthedegreeof visualmagnificationin the
dLGN. Thewidth of RGCarborsis 100-200?A@ aroundthis time(SretavanandShatz,1986;SretavanandShatz,1984),
andonedegreeof visual anglecorrespondsto 600-50 ?A@ (areacentralisto the periphery). Consequently, two RGC’s
with barelytouchingarborswouldbeseparatedby 200-400?B@ , .3 to 8C . Theseseparationsareapproximatelythesame
magnitudeastheactualdistancesbetweencellsthathave overlappingarbors.
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3.5 Summary of Relevant Biological Background

Ferretsareborn � D41 (cats, � D65), andthey opentheir eyes4 weekslater ( � D73). The
RGC axonsinvadethe dLGN beforebirth (Sec.3.3.2). The majority of the RGC axonscrossat
theoptic chiasmandinnervatethecontralateraldLGN (Sec.2.2). RGCaxonsinnervatetheentire
contralateraldLGN,andthebinocularportionof theipsilateraldLGN (Sec.2.3.1).Individualarbors
arerestrictedin width throughoutdevelopment(Sec.3.3.3),but they initially innervateandform
synapsesthroughoutthe depthof the dLGN (Sec.3.3.3andFig. 4.1). The positionof the RGC
axonsis known to bevery coarselyretinotopic,but the initial extentandsubsequentrefinementof
preciseretinotopy is unknown (Sec.3.3.5). In thematureanimalthereceptive fieldsof thedLGN
neuronsarearrangedin a verypreciseretinotopicmap(Sec.2.3.2).

In the3 weeksafterbirth, theRGCaxonssegregateinto 4 sublayersbased,at leastpartially,
on activity-dependentmechanisms.During the first two post-natalweeks(D41-D55) the axons
from thecontralateralandipsi-lateraleyessegregateinto layerA andA1 respectively (Sec.3.3.6).
Duringthethird post-natalweektheaxonsfrom theon-andoff-centerRGCssegregateinto separate
sublayerswithin layersA andA1 (Sec.3.3.6).By eye-opening,eachsublayer(andeachdLGNrelay
cell) receivesinputsfrom eithertheon or off-centercellsfrom oneof theeyes.

During the periodfrom birth to eye-openingthereis spontaneousactivity in the retinasthat
propagatesspatiallyin wave-like patterns(Sec.3.4.3). During thefirst two weeks,this activity is
correlatedwithin eacheye, but independentbetweentheeyes. Aroundtheendof thesecondpost-
natalweektheon- andoff-centercellswithin eacheye begin to have moreindependentpatternsof
activity aswell. Pharmacologicalblockadeandenucleationstudiessuggestthat this spontaneous
retinalactivity is crucial to properdevelopmentof layers(Sec.3.3.7)andsublayers(Sec.3.3.8)in
thedLGN.

During thisperiodof refinement,GABAergic pathwaysin thedLGN areimmatureandlargely
ineffective (Sec.3.4.1).This lack of inhibition is thoughtto heightenthedLGN responseto retinal
inputsduringthisperiod(Sec.3.4.1).



Chapter 4

The Model

Theprevious sectionpresenteda detailedaccountof thedevelopmentof the retinogeniculatepro-
jectionin catsandferrets.Themodelpresentedin this sectionnecessarilysimplifiesthis pictureof
development.It outlinesa setof mechanismsthat, in conjunctionwith simulatedwave activity, is
capableof supportingthreeof themoststrikingaspectsof retinogeniculaterefinement:eye-specific
layersegregation,on/off sublayersegregationandtheformationof preciseretinotopy. This model
is thefirst to supportthedevelopmentof all threeof thesestructuresin aunifiedframework.

Themodelis proposedasa coherentsetof mechanismsthatarecapableof supportingsome
crucial featuresof the observed development. Undoubtedly, this model is inaccuratein somere-
spects.However, it takesstepstowarda formalandbiologicallydetailedmodelof this system.The
processesin the modelareintendedto be biologically interpretableandplausible,andthe model
dynamicsarelargely tractableto formalanalysis.

Thischapteris organizedinto threemainsections.While eachsectioncoversthewholemodel
framework, thelevel of detail increasessignificantlywith eachsection.

4.1 Overview

Becauseof computationallimitations, the modelis formulatedon a muchsmallerscalethan
theentireretinal surfaceandtheentiredLGN. It simulatesthe refinementof theaxonsprojecting
from two patchesof retina(onefrom eacheye) to asingle“column” of thedLGN.Thescalein both
casesis on the orderof a millimeter (seeFig. 4.1 andFig. 4.2). The model is alsolimited in its
time-course.Developmentis simulatedfrom “birth” (D41, in ferrets)throughthefirst 3 postnatal
weeks(i.e. 1 weekbeforeeye-opening).

Althoughthedevelopmentalprocessesoccurconcurrently, we iteratethrougha four stepalgo-
rithm for computationalconvenience:

1. ComputedLGN activity in responseto a “snapshot”presentationof a retinalwave

39
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Figure4.1: A schematicdrawing of theretinogeniculatesystemof theferret.Theheavy dottedlinessurroundtheareas
of interest.Two smallpatchesof retinaaremodeled,with two distinctcell types(on andoff-center)from eacheye. The
patchesprojectto thesame“column” of dLGN tissue.Thatcolumnis locatedin thebinocularregion of thedLGN, such
thatall 4 sublayersaremanifestin thecolumnatmaturity.
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Figure4.2: A schematicdrawing of themodelarchitectureaftersegregationinto layersandsublayers.Four patches
of RGCsprojectto four sublayersof dLGN cells. In all of themodelsdiscussedin theresultssection,thedLGN is 20
cells square,andthe retinal patchesare10 cells square.The onedimensionalmodelsarelike a slice throughthe two
dimensionalmodel,suchthattheretinalstripsare1x10cellsandthedLGN stripsare1x20cells.Eachnon-borderdLGN
cell connectsto its 4 nearestintra-laminarneighbors,andwith lessstrength,to its 2 nearestinter-laminarneighbors.
Boundariesdo not wrap around,but are treatedspeciallyduring the computationof steady-statedLGN activities (see
Sec.4.3.4).
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2. Hebbianweightupdate

3. Synapticsprouting

4. Weightnormalizationandsynapticretraction

This algorithmis repeatedfor tensof thousandsof iterations,graduallyrefiningtheprojection
of RGC’s to thedLGN relaycells.

4.2 Brief Summary

Initialization. Themodelis initialized with eachRGCarborinnervating all future layersof
the dLGN. In contrastto many self-organizingmodels,the arborshave roughly the samewidth
throughoutdevelopment,consonantwith thebiologicalobservations(seeSec.3.3.3).Themodelis
initialized with somebiastowarda particularretinotopicalignmentanda particularlayerconfigu-
ration.Thebiasmakesthemodelconvergemorerobustly andsupportsa stereotypicalfinal stateas
seenin thebiologicalsystem.

InputsanddLGNUpdate. The retinalwavesin step1 areidealizationsof the retinalwaves
seenin pre-visualferretandcatretinas(seeSec.3.4.3).Becausethey moveslowly relative to synap-
tic transmissionspeeds,themodelassumesthatthey canbeconsideredasstatic(“snapshots”)until
thedLGN activity reachessteadystate.ThedLGN reachesa steadystatebasedon its synaptically
weightedretinalinputsandtheactivity of its neighbors.Thefeedbackof activity betweenthedLGN
neuronseffectively blurstheretinalinput. Thepropagationof activity in thedLGN is formalizedso
thatthesteadystatedLGN activities for agivenretinalinput canbecalculatedin onestep.

WeightUpdate. GiventhedLGNactivity andtheretinalactivity, computingtheweightchange
is straightforward. Thechangein eachsynapticstrengthis proportionalto theproductof thepre-
synaptic(RGC)activity andthepost-synaptic(dLGN cell) activity. Theweightchangeis scaledby
the learningrateandby thesynapse’s previous strength/weight.Theupdateis a slightly modified
versionof theHebbrule,whereweightsbetweenco-active cellstendto grow, but thatgrowth isn’t
explicitly scaledby thepreviousweight.

Sprouting. Thewidth of RGCaxonalarborsremainsrelatively stableover thecourseof de-
velopment,yet thearborsshift betweenlayersandwithin mapsover development(seeSec.3.3.9).
In thismodel,sproutingandretractionprocessesreconcilethesetwo observations.Theassumption
is that the arborscontinuouslysproutnew branchesandsynapses,andsimultaneouslycull other
branchesandsynapses.Thesemechanismsmaintainthearborwidth in a stateof dynamicstability,
while allowing the arborto shift appreciablyover time. Computationally, sproutingin the model
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is accomplishedby spatially blurring the weight matrix correspondingto eachganglioncell ar-
bor. While this approachdoesn’t capturedirectedsprouting(e.g. via trophicfactors),it doesallow
directionalmovementover time,asevidencedby theconvergencebehavior of themodel.

Normalization. In theHebbianupdatestepof thisalgorithm,all theweightchangesarepos-
itive. In orderto prevent infinite weightgrowth, someweightsneedto bedecreased.A simplistic
view would bethatsynapticchangesthatarebelow themeanpositive changearedecreased,while
above averagechangesremainasincreases— aprocessknown as“synapticcompetition”.

In this model, the resourcesof both RGC anddLGN cells areassumedto be approximately
fixed. In otherwords,thesynapticweightsareconstrainedsuchthat thetotal synapticweightsup-
portedby any givencell in themodelremainsroughlyconstantduringasimulation.Thisconstraint
is enforcedmultiplicatively, which hasimportantramificationsfor themodelbehavior (for discus-
sionandanalternate“subtractive” modelseeSec.6.2).

Given theupdated,sproutedandnormalizedsynapticweights,thewholeprocessis repeated
with the next snapshotof a wave as it movesacrossthe retina. The detailsof the algorithmare
crucialto its behavior, sothey arepresentedat lengthin thefollowing section.

4.3 DetailedDescription

4.3.1 Activity in theModel

Activity in modelneuronsgenerallycorrespondsto instantaneousfiring rates.In realneurons,
the instantaneousfiring ratecanbe estimatedby averagingthe response(spike train) over many
measurements,assumingthat spike generationis a randomprocess.Underthe assumptionof in-
dependentspiking,simulatedspike trainscanbegeneratedfrom theinstantaneousfiring ratesby a
Poissonprocess.

In order to link the dynamicsof the model dLGN directly to biophysicalpropertiesof the
dLGN relaycells,thedLGN activities canalsobeinterpretedasmembranepotentials(Sec.4.3.4).
The presumedequivalenceof membranepotentialsandfiring ratesassumesthat the firing rateis
linearlyproportionalto thecell’s thresholdedmembranepotential,wherethethresholdis theresting
potential.

Of course,theseassumptionsignoremany detailsof spikegenerationandaresurelyinaccurate
accountsof therelationsbetweenmembranepotentials,spikes,andfiring rates.Nevertheless,they
arecommonlyusedapproximations(Movshonetal., 1978)andareprobablysufficient for thelevel
of analysisin thismodel.
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RGCSeparation �H62.2�
	
Speed 200 �
	 /sec
Width Gaussian( I8JLK2MN�
	 , thus �H62.0.2�
	 across)
Height PeakFiring Rate= 25 spikes/sec
RefractoryPeriod O2.QPR-:S0TNU:#

Table4.1: Somebasicparametersof thesimulatedwaves,matchedto thein vitro measurementsof retinalwaves(Wong
et al., 1993)

4.3.2 Inputs

Becausethemodelis formulatedatthelevel of individualcells,matchinginputparametersto in
vitro anatomicalandphysiologicalmeasurementsis relatively straightforward. A wave is modeled
asa bar-like sectionof a spreading2-d ring with Gaussiancross-section.Thecenterof the ring is
locatedat a randompoint ona largecircle surroundingtheretinalpatch(radius JV-/.0. RGCs).The
randomorientationof thewave-frontensuresany two cells in a 1-d retinalpatchcanbeco-active.
Consequently, thecorrelationbetweendistantpointswithin aneyearenon-negative (in contrastsee
Sec.7.2.2andEglen,1997).1 The width, frequency, height,andspeedof the wavesmatchesthe
reportedretinal measurements(Wong et al., 1993,seeTable4.1). Two representative wavesare
illustratedin Fig. 4.3.

Both on andoff RGCsareindistinguishablebasedon activity for thefirst “2 weeks”of model
development,but burstingnoiseis addedto theoff cell populationduring “week 3”. This change
bringstheburstingratesandcorrelationalstructureof theinput into approximateagreementwith in
vitro measurementsof retinalactivity duringon/off sublayersegregation(WongandOakley, 1996
andseeSection3.4.3).

D41-D55: Eye-Segregation. Therealismof the inputswaschecked by calculatingthesame
statisticsfor thesimulatedwavesthatwerecalculatedfor the in vitro waves. Wonget. al. (1993)
constructeda measureof the correlationin firing betweencells, andcalculatedits relationto the
separationbetweenthosecells. Their correlationindex quantifiestheextent to which two cellsfire
actionpotentialswithin .05sof eachother, relative to thebaselineco-occurrenceof actionpotentials
amongindependentcells.

I calculatedthis index for theinputsin my modelduringtheperiodcorrespondingto D41-D55
(i.e. birth to theonsetof differentiatedon/off activity). Becausetheindex is calculatedfrom spike
trains,I useda Poissonmodelof spike generationto generatespike trainsfrom the instantaneous

1Given that co-occurrenceof wavesin the sameretinahasbeenobserved (Feller, personalcommunication)and,to
my knowledge,thereis no evidenceto suggestthatdistantcellswithin a retinado not fire independently. In thecurrent
model,distantRGCsin thesameretinafire independently.
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Figure4.3: 8 snapshotsof simulatedwave activity at 1 secondintervals areshown. Wavesdo not normally follow
oneanotherimmediately, becausetheretinasarein a silentrefractoryperiodsfor themajority of thetime. Notethatthe
wavesoriginateandpropagatein randomdirections,andthatthey tendnot to occurin thetwo (right/left retina)patches
simultaneously.

firing ratesusedin my simulations. I followed the Wong et. al. procedurefor calculatingthe
correlationindex from thespike train. Thecorrelationindex is definedas:\^]`_ba �dc$e cgf (gh �`c$e cgf (+ikj\ ] \ _ml .onp-:T2q (4.1)

where j is the total durationof the measurement,
\ ]r_sa �dc$e cgf (�h �`c$e cgf (�i is the countof spikes co-

occurringin cell t andcell u within .onv.wM0T of eachotherfrom time . to time j ,
\ ]

is the total
numberof spikesin cell t , and

\ _
is thetotalnumberof spikesin cell u .

This index providesameasureof how oftenapairof cellsfirestogetherrelative to chance.For
example,apair of cellswith acorrelationindex of 10,fire together10 timesmoreoftenthana pair
of cellsthatonly fire togetherby chance(correlationindex = 1).

Thecorrelationalstructureof thesimulatedwavesandobservedwavesis comparedin Fig. 4.4.
Following Wonget. al. (1993,figures8 and9), thecorrelationindicescalculatedfrom theobserved
ferretretinasareplottedasa functionof distancebetweenthecells. Thesamedatafrom thesimu-
latedwavesis alsoplotted.Theplotsdemonstratethat thesimulatedwaveshave roughlythesame
correlationalstructure(in additionto specificparameters)astheobservedwaves.Twodiscrepancies
betweentheobservedandsimulatedwavesarenotable:thesimulatedwaveshavehighercorrelation
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Figure4.4: Thecorrelationindex betweenpairsof cellsplottedasafunctionof distancebetweenthecells.Exponential
fits to eachsetof dataareplottedaswell. Thecorrelationindicescalculatedin Wonget al., 1993(closedsymbols)are
shown in additionto correlationindicescalculatedfor thesimulatedwaves(opensymbols).Simulatedandobserveddata
areplottedat birth (P0)andat theonsetof on/off activity (P15). Theindicesindicatehow oftena pair of cellswill fire
togetherrelative to chance(seetext). Thecorrelationindex seemsto decreaseexponentiallyover distance.

indicesthanthemeasuredwaves(by a factorof � 3 in neighboringRGCsatP15),andtheobserved
waveschangeover development.

The retinal waves changeover the courseof developmentin ways that are not capturedin
thecurrentmodel. For example,thewavesarethoughtto broadenanddegenerategraduallyover
developmentuntil they eventuallydissolve into uniformbackgroundnoisearoundbirth. In contrast,
thesimulatedwavesaregeneratedfrom staticparametersthataremodeledon theP0observations.
Theonly changein thesimulatedwavesis theadditionof off-cell noisyburstingat theendof the
secondweek. As is evidencedin the plots of the P15correlationindicesin Fig. 4.4, this change
suffices to significantly lower the correlationindicesbetweennearbycells, but doesnot change
theslopeof thespatialdecrease(asin theobserved waves). Thecorrelationsareloweredbecause
the off-cells andon-cellsare interspersed,and the noisein the off-cell firing lowers the average
correlationsbetweenpairsof cellsatall distances.

The highercorrelationindicesin the simulatedwaves areprobablyrelatedto at leastthree
factors:thestaticwave parametersmentionedabove, theequivalenceof modelretinalpatchesand
singledomains,and the unrealistically“clean” simulatedwaves. As discussedin Sec.3.4.3 the
propagationof the in vitro waves is limited by the boundariesof “domains” of the retina,which
transientlyshift over time. Becauseeachwave includesall of thecells in therelevantretinalpatch,
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theimplicit assumptionis thata retinalpatchis neverontheborderbetweendomains.Theassump-
tion thateachpatchis alwaysin thesametransientdomaintendsto biastheactivity towardhigher
correlationsthanareseenin theactualretina.Theunrealisticallycohesive quality of thesimulated
wavesalsowould tendto amplify thecorrelationindices.In theretinasomeRGCsfail to fire, even
if awave passesdirectly over them(seeFigs.2 and3 in Wonget al., 1993).All otherwave param-
etersbeingequal,this “noisy” aspectof thewaveswould tendto lower correlationsbetweenpairs
of cellsat all distances.It is possiblethat theamplifiedcorrelationsprovide unrealisticallystrong
supportto modelconvergence,but Sec.5.5suggeststhattheexactstrengthof thecorrelationsis not
crucialaslongasthespatialcorrelationalstructureis keptintact.

D56-D62: On/Off SublayerSegregation. Noiseis addedto theoff-RGC populationsduring
the periodof on/off sublayersegregationso as to increasethe off-RGC firing ratesto the levels
observed in vitro and to decreasethe pairwisecorrelationsbetweenoff-RGCs and both on and
off-RGCs. Wong andOakley (1996)calculatedthe correlationsfor the wavesin the ferret retina
by converting their ~ 1Hz measurementsof CA �`� levels in the RGCsinto dichotomousbursting
“events”by thresholdingthederivativesof thelevels,andthencalculatingthecorrelationsbetween
trainsof theseevents.I comparethesemeasurementswith thetheraw firing ratesfrom thesimulated
waves,astherewasno straight-forward translationfrom their methodologyto thesimulations.The
correlationsbetweenon-onRGCs,off-off RGCsandon-off RGCSareplottedfollowing Wongand
Oakley (Figure7B), in Fig. 4.5.

Therearetwo basicdifferencesbetweenthemeasuredcorrelationsandthecorrelationsin the
simulatedwaves. Thefirst is that theon/oncorrelationsdecreaseslightly in the in vitro measure-
ments,while thesimulatedcorrelationsremainat thesamelevel. Thediscrepancy is dueto thethe
generalloweringof correlationsoverdevelopmentin theferret,comparedthesimulatedwavestruc-
turewhich remainsfixedover development.This increasedcorrelationmaybiasthemodelslightly
towardgroupingtheon-cellsin onesublayer.

Theseconddiscrepancy, the lower off/off correlationsfound in themodelrelative to in vitro
measurements,would provide unrealisticallyweaksupportto the groupingof off-cell arborsin a
singlesublayer. While thecauseof thisdifferenceis not immediatelyobvious,therearesomelikely
explanations.In themodel,independentnoisewasaddedto theoff-RGCsuntil their burstingrate
wasin line with in vitro measurements( ~ 4 timesthe burstingrateof the on- cells). Perhapsthe
non-wave bursting in the ferret off-RGCs is not independent.If the in-vitro “noise” is spatially
correlated,suchthat bursting in an off-RGC is more likely if a nearbyoff-RGC is bursting, the
off/off correlationswouldbehigherthanthoseusedin themodel.

WaveSubdomains. In mostof the simulationseachwave traversesthe entirepatchin that
eye. Becauseeachin vitro wave only involvestransientsubdomainsof the retina(seeSec.3.4.3),
thepatchis implicitly assumedto consistentlybeincludedin thesametransientsubdomain.Evenif
theassumptionheldtrue,theresultsof themodelarenot necessarilyapplicableto theclusteringof
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Figure4.5: Thecorrelationsbetweenin theRGCcell groupsduringthefirst two weeksof development(A-C), andthe
third weekof development(D-E). (A,D) on-onRGCs,(B,E) off-off RGCs(C,F)on-off RGCs.

theaxonsof neighboringretinalpatchesinto thesamesublayer, becausetheseneighboringpatches
would only sometimesbe involved in thesamewave. Indeed,becausedistantRGCswould never
be involved in thesamewave, this assumptioncouldstronglylimit interpretationof the resultsof
themodel.Fortunately, thecharacteristicsof thewavessuggesta computationalmethodfor testing
thegeneralityof themodel.

In theferret, it is likely that the transientaspectof thesubdomainsplaysanimportantrole in
supportingglobalsegregation.Becausethedomainsaretransient,neighborswill becorrelatedasa
functionof their distance,ratherthanbeingstronglyinfluencedby their sub-domainmembership.
Thedevelopmentof globalsegregationis akin to developmentof global retinotopy, it resultsfrom
thechainingof local influences.BecauseeachRGC’s arbortendsto segregateinto thesamelayer
asco-active cells (e.g. neighbors),theconfigurationthatoptimally satisfiestheselocal tendencies
is globalsegregation.

To testthestrengthof this chainingeffect, simulationswereperformedin which eachretinal
patchwastaken to be chronicallyon theshifting borderof two subdomains.Eachwave included
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some,but not all, of the patch,and the most distantRGCsin the patchwere never involved in
the samewave (i.e. their activities arenegatively correlated).Nonetheless,the patchsegregated
normally, presumablybecauseof thesechainingprocesses(seeSec.5.5andFig. 5.7).

4.3.3 Initialization

Themodelis initializedtomimic theprojectionatbirth fromasmallretinalpatchfromeacheye
to a columnof dLGN tissue.A retinalpatchfrom a giveneye actuallyrepresentstwo intermingled
populationsof RGCs,on- andoff-centercells; thereare4 groupsof distinct RGCstotal. These
RGCsareassumedto projectto a4 layerdeepcolumnof thedLGN (eachsimulatedlayeris only 1
neurondeep).In roughconcordancewith themagnificationfactorin theferretandcatdLGN, there
are4 dLGN cellsfor every RGCin the2-dversionof themodel(seeFig. 4.2).

Retinotopy EachRGCarboris initialized asa Gaussian(s.d. �V�0�N�
� ) that is centeredon a
retinotopicallybiasedpositionin thedLGN. Thelocationof theGaussianis initially thesamein all
layers.Noiseis addedto this initial projectionin two ways.First, thearborcentersarerandomized
by computinga weightedaverageof the retinotopicallycorrectpositionanda randompositionin
dLGN (typicalweightingswere.2 and.8 respectively, “80% noise”).Second,eachsynapticweight
is multiplied by a randomnumber(typically [.2 1]). Multiplication ensuredthat arborsremained
relatively compactwhile breakingsymmetrybetweenlayersandaddingrandomness.

LayerandsublayerSegregation Biasesareaddedto thisoriginal innervationin orderto sup-
port thedevelopmentof a stereotypicalmaturelayer configuration.While themodelcandevelop
eye-specificlayers,retinotopy, andon/off sublayerswithoutthesebiases(seeSec.5.8)— theconsis-
tency in thematureconfigurationof thebiologicalsystemsuggeststhat therearesignificantbiases
at work. A mechanismthat may provide a biastoward the stereotypicaleye-specificsegregation
patternis theearly ingrowth of contra-lateralRGC axonsin thedLGN (seeSec.3.3.6). Early in-
growth gives theseafferentsa competitive advantagein the deepest(i.e. A) layersof the dLGN,
perhapseven preventingthea full initial innervation into theselayersby the ipsi-lateralafferents.
This ingrowth biasis simulatedin the initial projectionby weakeningthe ipsi-lateralprojectionto
thedeepestlayersby reducingthestrengthof ipsilateralsynapsesin theA layersby ~H�2�A� .

Thereis no evidencefor similar staggeredingrowth of theon/off afferentsinto the innerand
outersublayers,but thestereotypicalpatternof segregationin theadultsuggeststhat thereis some
biasatwork. Thecanonicalform of thismodelassumesthatthisbiasis instantiatedasavery small
strengtheningof the weightsfrom the on-centercells to the inner sublayer’s at eachtime-step.2

Theintentionis to simulatetheactionof trophicfactorsthatpreferentiallysupporttheformationof

2The bias is much too small to supportafferent segregation without appropriatelystructuredretinal activity, see
Sec.5.7.
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��� �=�
Activity of dLGN cell �� � ���
Activity of RGC �� � �/���
Synapticweightfrom RGC � to dLGN cell ��� � �/���
Updatedsynapticweightfrom RGC � to dLGN cell �
beforenormalization�
Learningrate�
MembraneCapacitance�0� Leakconductance�0� Excitatorysynapticconductance�2� Inhibitory synapticconductance� � Excitatorypotential� � Inhibitory potential

Table4.2: Thesymboltablefor thetermsusedin thissection.

synapsesby oneof thetwo afferenttypes.In fact,thespecificform of thebiasis not important(see
Sec.5.8),but in orderto developastereotypicalconfigurationtheremustbebiasespresent.

4.3.4 dLGNUpdate

Geniculatepotentialsarecomputedasa(weighted)sumof their inputsfrom theretinaandtheir
neighborsin thedLGN. We assumethat thedLGN cellsreachsteadystatefor a givenretinal input
becausethespeedof wave propagationis muchslower thansynaptictransmissionandmembrane
depolarization.The steadystateis calculatedby iteratingthe following updateequationuntil the
geniculateactivities stabilize:� � � �=��:��� � ¢¡ � �¤£  ¥ �§¦ � � � �/��� � � ��� ¡ ¦�2¨,© � � �=�«ª­¬ � � �=�

(4.2)

where
� � �=�

is theactivity of dLGN cell � ,
�

is a constant,� � �/���
is thesynapticweight from RGC �

to dLGN cell � , � � ���
is thefiring rateof RGC � , and ® includesthedLGN cell’s2 nearestintra-layer

neurons.If theneuronis at theboundaryit will have only 1 intra-sublayerneighbor(seeAppendix
A for detailson activity updatein boundaryneurons).3. ThedLGN cell activity is calculatedfrom
thescaledproductof its synapticinputsandtheRGCfiring ratesin additionto theactivities of the
neighboringdLGN cellsandself-inhibition.

In signal processingterms, the intra-dLGN influenceactsas a feedbacklinear systemthat
regularizes(blurs) the weightedretinal input. Regularizationsmoothesa partial or noisy input,

3Thesenumbersassumea 1-d model, thereare4 nearestneighborsin the 2-d model. Note alsothat this equation
ignorestheinfluenceof theinter-layerandsublayerinfluence,seeApp. A for thegeneralizationof thisupdate.
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Figure4.6: (A) Retinalactivity duringa wave. (B-D) dLGN responseat differentstagesin development.Theretinal
signalevokesa large,blurredresponsein theneonataldLGN, a lessblurredresponselaterin development,anda virtual
copy of theretinalinputateyeopening.For thepurposeof thisfigure,theretinogeniculateprojectionwasassumedto be
2-dimensionalandperfectlyretinotopicin all threecases.

effectively de-noisingtheinputandinterpolatingmissingvaluesundertheassumptionthattheinitial
input is smooth(seeAppendixA for detailson therelationbetweenthedLGN updateequationand
regularization).

Theamountof blurring/smoothingandtheamplificationof thedLGN responsearebothscaled
by

�
, which decreasesover development(seeFig. 4.6). The rangeof

�
(20 at birth and1 at eye

opening)as well as the scalefactor ( ÇÈ É ) on the effective inputs to the dLGN cells was chosen
to matchthe roughly three-folddecreasein geniculateresponsivity observed over the courseof
development(seeAppendixA,Sec.3.4.1andRamoaandMcCormick,1994b).4 Becauseit supports
globalorderearlyin developmentandlocalprecisionlaterin development,thisdecreasein blurring
playsan analogousrole to moretraditionalneighborhoodfunctionsthat shrink over development
(Kohonen,1993).

Intra-dLGNAsymmetries. The inter-layer andinter-sublayerweightsaremuchweaker then
the intra-layerweights. This asymmetryis crucial to the robust developmentof layer segregation
(seeSec.5.9 and Fig. 5.13). In the canonicalmodel the inter-layer and inter-sublayerweights
decreaselinearly over development.The time-courseof decreaseis shown in Fig. 4.7. The inter-
layerweightsstartoff quiteweak(.1 versusintra-sublayerweightsof 1) andaredecreasedlinearly
duringthefirst 2 weeksof postnataldevelopment,sothatduringthethird weekthereis noexcitation
betweenthetwo eye-specificlayers(i.e. theinter-layerweightsgoto 0). Theinter-sublayerweights
startoff at 1, decreaseto the initialization valueof theeye-specificweights(.1) over thefirst two
weeksandthendecreaselinearly to zeroduringthethird weekof postnataldevelopment.5

Layersandsublayerswill segregatein the modelwithout this decrease,but the segregation
is slightly imperfect. Intact inter-layer connectionsblur the boundariesbetweenlayersandsub-
layerseven after segregation. Further, theexistenceof excitatory inter-layer interactionssupports
the “clustering” of off-centerRGC axonsfrom the two eyes. This clusteringdisappearswhenthe

4Standardregularizationpreserves the sum underthe blurred image,thus the peaksof the imagetend to drop as
blurring increases.Adding thescalefactorof Ê Ë to theinputscounter-actsthis tendency, andmakesthedLGN response
increasewith Ë , asseenin thedevelopingdLGN, Sec.3.4.1.

5Thereis novarianceor noisein theintra-dLGNsynapticweights.
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constantover thecourseof development.

excitatoryweightsareremoved (seeSec.5.9.2andFigs.5.14and5.15). A linear decreasein the
inter-layer weightswasadoptedbecauseit is simpleandstraightforward. Theeventualdisappear-
anceof inter-laminarweightsis not aparticularlystrongassumptiongiventhatthelayersareeven-
tually separatedphysicallyby thecell sparseinterlaminarzones.Indeed,in theadultthereareeven
inhibitory connectionsbetweentheeye-specificlayers(seeSec.2.3.4).To my knowledge,thereis
no dataon thedevelopmentor existenceof interactionsbetweenthesublayers.

BiophysicalInterpretation. A biophysicalinterpretationof Eq.4.2 canbestatedin termsof
themembraneequation:

� � � � �=��:��� ¬ £ � � � �=� � � �=� ¡ � � � �=� £ � � �=�9¬ � � ª ¡ � � � �=� £ � � �=�5¬ � � ªgª (4.3)

which describesa geniculatecell’s membranepotential(
� � �=�

) asa functionof its excitatory ( � � � �=� ),
inhibitory ( � � � �=� ), andleak( � � � �=� ) conductances,their respective reversalpotentials(

� �,Í � � Í and � ),
andthecapacitance(

�
) of themembrane.

Eq. 4.3 becomesalgebraicallyequivalent to Eq. 4.2 by eliminatingthe scalefactor ÇÈ É from
Eq.4.2andequatingthefollowing terms(seeAppendixB for derivationdetails):

� �  Î¡ � ��
� � � �=� � Ï � � � �/��� � � ��� ¡ Ï �2¨,© � � �=�� �
� � � �=� � ¬ £ � � � �=� ¡ � � � �=� ¬ Ç �`� ÉÉ ª ��� �=���� �=� ¬ � �
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Simulationsof thedLGN relaycell activity usingEq.4.3andEq.4.2displayparallelchanges
over development. The decreasein

�
over the courseof development(seeabove), indicatesthat

thecapacitance
�

will increaseby a factorof
 2ÐÒÑ

, andtheinhibitory conductances� � � �=� increaseby
a factordependenton themagnitudeof leakconductance� � � �=� assumed.Thesedynamicsarecon-
sistentwith physiologicalmeasurementsof developingdLGN relaycells(RamoaandMcCormick,
1994a;RamoaandMcCormick,1994b).Undertheseconditionstheinhibitory andexcitatorycon-
ductancearein apush-pullrelationship,meaningthatas � � � �=� increases,� � � �=� decreases.

Note that althoughalgebraicallyidentical, the two equationsbehave slightly differently be-
causethe inhibitory conductancesarerectifiedsuchthat they cannotgo below 0, andbecausethe
input scalingfactor ÇÈ É hasbeeneliminated.Undertheassumptionthat

� � � � (i.e. theinhibitory

reversalpotentialis equalto theleakreversalpotential)6 theeliminationof ÇÈ É andtherectification
of theinhibitory conductancetendto compensatefor eachother. Thereasonis thatif � � � �=� is allowed
to benegative it canamplify theresponsivity of thecell, but if it is rectifiedthedLGN cell activity
will saturateat a level dependenton �0� and

� � . As a result,rectifying � � � �=� effectively establishesa
saturationlevel for dLGN cell firing rates.Theeliminationof thescalefactor ÇÈ É on theinputshas
theoppositeeffect, becauseits removal amplifiesthe input signal— a changewhich amplifiesthe
dLGN response.The approximatebalancebetweenthe rectificationandthe removal of the input
scalefactorhasbeenverifiedin simulations.

4.3.5 HebbianWeightUpdate

Second,theretina-to-dLGNweightsareupdatedusingamodifiedHebbianrule:� � � �/��� � � � � �/���:��� �=� � � ���
(4.4)

The weight change(
� � � �/���

) is the productof the learningrate(
�
), the currentweight ( � � �/���

), the
steady-stategeniculateactivity (

� � �=�
), andtheretinalactivity ( � � ���

).

ScalingtheHebbianupdateby thepreviousweightgeneratesafeed-backcycle in whichstrong
weightstendto becomestronger. This tendency allows for the developmentof relatively precise
connectivity, even in the caseof multiplicative normalization(seeEq. 4.5 below) which would
otherwisetendto favor gradedsynapticconnectivity (Miller andMacKay, 1994).

4.3.6 SynapticSprouting

Third, the RGC axonalarborsareblurred(i.e. the weightsareconvolved with a Gaussian)
to mimic a branchingfactor. The degreeof blurring for eachRGC axonalarboris scaledby that
RGC’s activity. Thearborsof thoseRGC’s thatarecurrentlyfiring burstsof actionpotentials(i.e.

6Following thebiologicaldata,thisassumesthatinhibitory conductancesin questioncorrespondto GABAa shunting
inhibition, seeSec.2.3.5andSec.3.4.1.
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areat thepeakof awave)will beblurredstronglywhereasthethearborsof silentRGCswill notbe
blurredatall. BecauseHebbianupdatetendsto sharpentheconnectivity, thisscalinghelpsmaintain
equilibrium in themodel. The scalingis especiallyimportantduring the periodof on/off activity
in the retina,for in this periodtherearemany retinal “snapshots”with only a few spiking RGCs.
Without thescaling,this sparseactivity would blur silentRGCarborsfor many time-stepswithout
sharpeningthem,andthustheRGCarborswill tendto diffuse.

Consistentwith observationsof thedevelopingdLGN (Sretavan andShatz,1986),theuseof
sproutingyieldsRGCaxonalarborsthatcanshift their geniculatepositionappreciably, yet change
their width only slightly over development. Becauseit is strongestat small distances,sprouting
encouragesneighboringneuronsto receive synapticinputsfrom thesameafferentsand,asa result,
neighboringdLGN cells will tendto have correlatedfiring patterns.Therefore,sproutingplaysa
similar role to thedirectexcitationprovidedby neighborhoodfunctions.Indeed,amodelwith only
sproutingcan topologically organize,and in somecasessegregateinto layers,in the absenceof
lateralinteractionsin thetargettissue(Keesingetal., 1992;Eglen,1997andseeSec.5.6.2).

Parallel to the intra-dLGN weights,sproutingis also asymmetric. That is, the weightsare
blurredmorewithin eachlayerthanbetweenlayers.Thedegreeof asymmetryandits increaseover
thecourseof trainingis identicalto thatof theintra-dLGNweights(seeSec.4.3.4andFig. 4.7).

Biological Interpretation. Axonal sproutingandretractionis know to occur in the tectaof
somefish andamphibians(Fawcett,1993). It is thoughtby someto bemediatedby trophicfactors
originatingin active sites.A candidatefactoris nitric oxide(NO). NO is thoughtto actasa retro-
grademessengerthatchangespre-synapticefficacy. In at leastonemodel(Krekelberg andTaylor,
1997),NO uptakeatthepre-synapticsiteis proportionalto thepre-synapticactivity — parallelwith
theinstantiationof sproutingin thismodel.

ComputationalDetails Intra-layerblurringis simulatedby convolving theaxonalweightma-
trix with a Gaussian.Inter-layer and inter-sublayersproutingis simulatedby addingthe blurred
weightsin theadjoininglayer(s),scaledby theinter-layeror inter-sublayersproutingstrength.The
blurredversionof thesynapticweightsis thenscaledby thelearningrate,thepre-synapticactivity,
andthesproutingrateandis addedto theunblurredweightmatrix. Thelearningrateis sharedwith
theHebbianupdate,but thesproutingrateis anindependentscalefactoron thesprouting.

4.3.7 WeightNormalization

Finally, theweightsarenormalizeddivisively suchthat the total connectionstrengthof each
RGCanddLGN neuronstaysroughlyconstant.

� � �/��� � � �� � �/���
Ï � �� � �/��� ¡ Ï � �� � �/��� (4.5)
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where
�� � �/���

denotestheupdatedweightbeforenormalization,Ï � �� � �/���
is thetotal synapticweight

provided by an RGC axonalarbor, and Ï � �� � �/���
is the total synapticweight in a dLGN cell’s

dendritic tree. The factorof 2 is includedin the numeratorso that for the limiting caseof equal
numbersof RGCsanddLGN cells,thesumof eachcell’s synapticweightsis 1. In fact,thesumof
eachcell’s synapticweightsis a functionof theratio betweenthenumberof preandpost-synaptic
cells.

¦ � � � �/��� � �`ÓÕÔ Post-synapticCells
Total Ô of Cells

¦ � � � �/��� � �rÓ¢Ô Pre-synapticCells
Total Ô of Cells

In the canonicalmodel,with a 2:1 dLGN cell to RGC ratio, eachRGC supportsa total synaptic
weightof 1.33andeachdLGN cell supportsa total synapticweightof .66.

Becauseall of the weight changesare initially positive, this step is crucial to prevent the
weightsfrom increasingwithout limit. The assumptionshereare that that eachneuroncanonly
supporta limited numberof synapsesandneuronswill competefor synapticsites. Presumably,
this processis accomplishedbiologically throughsynapticcompetition. Given a finite amountof
resources,the biological systemhasto take resourcesfrom somesynapses(i.e. decreasetheir
strength)in orderto grow others.While this is surelynot truein theexactsenseassumedby canon-
ical form of themodel,competitionfor resourcesdoesoccurin neuralsystems(seeMiller, 1996for
review).

Notably, therigidity of this normalizationprocedureprecludesthemodel’s ability to usefully
model deprivation results. The problemis that even silent inputs are constrainedto maintaina
fixed total synapticstrength.Thus,theobservation that monocularsilencingleadsto a decreased
projectionfrom thedeprivedeye(seeSec.3.3.7)cannotbemodeledwith this typeof normalization.

CappedNormalization With a variantof normalization,derivedby analogyto Eglen’s work
(section5.3.1in Eglen,1997,andSec.7.2.2),it is possibleto partiallymodelmonoculardeprivation
resultsin the currentframework. This varianton normalizationlimits (“caps”) the total allowed
weightbyapplyingnormalizationtocellsthatexceedtheallowedtotalsynapticweight,andignoring
cells that are under the limit. With cappednormalizationinactive cells can lose their synaptic
connections.

However, takenalone,this approachis not sufficient to bring aboutdecayof retinalsynapses,
becausetheonly way for synapsesto decayin this modelis throughnormalizationdrivencompe-
tition (in contrastto a covarianceweight changerule, seeSec.7.2.2). Becauseof the canonical
limits imposedon total synapticstrength,a retinacanonly competefor half of thedLGN synapses
available.Consequently, theotherretinawill keeptheotherhalf thoughsimplelackof competition.
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A partial solutionis to raisethecapon total RGCsynapticstrengthto near200%of thenor-
mal amount,suchtheretinalpatchestaken togetherarecapableof supporting~ 2 Ö moresynaptic
strengththantheentiredLGN. Thischangeallowsasubsetof theRGCsto actively competefor the
entireretinogeniculateprojection.

Thecappednormalizationprocedurefor thecanonicalmodelis:

� � �/��� � � �� � �/���× ¡ Ï � �� � �/��� (4.6)

× � ØÙ ÚÛ 2Ð �0�ÛÖ ÏÝÜßÞà
á â Ü+ãä if Ï � �� � �/���4åÛæ 2Ð �0� otherwise

where × is the ”effective” (for purposesof normalization)synapticweight provided by an RGC
axonalarbor, and

æ
is thecapon thetotal synapticweightprovidedby anRGCaxonalarbor. This

methodof normalizationtreatsRGCswith total synapticstrengthbelow
æ

as if they arealready
normalized,while decreasingsynapsesfrom RGCswith a total synapticstrengthabove

æ
.

Preliminaryexplorationssuggestthatwith this cappedversionof normalizationthemodelis
ableto capturesomeof theobservedeffectsof deprivation(seeSec.5.10.3).



Chapter 5

Model Results

Thereareregionsof theparameterspaceof this modelthat I haven’t explored,simply becausethe
spaceis overwhelminglylarge.My approachhasbeento fix asmany of theparametersin themodel
aspossibleusingthe availablebiological data. With theseparametersfixed, I have searchedfor
regionsof thefreeparameterspacethatrobustly supportstereotypicaldevelopmentwith thecanon-
ical setof modelmechanisms.I thenexploredthebehavior of themodelin theseregions.I did not
alwaysrigorouslycharacterizetheseexplorations,becausethe inter-relationsbetweenparameters
have often proven too complex to be understoodthroughsimulations. Thereareprobablyother
coherentunexploredareasof theparameterspace,andtheresultsthatI presentbelow maynothold
completelyin theseunexploredareas.

That said, I have explored the behavior of this model in depth,and I believe I have solid
intuitionsaboutthedynamicsandcrucial featuresof themodel. I alsofeel thatonespecificmodel
thatsupportsthedevelopmentof structuresseenin theretinogeniculateprojectionprovidesauseful
andtestableframework for exploring theactivity-dependentdevelopmentof thesystem.

It is importantto notethatalthoughsomemodelconfigurationspresentedappearto categori-
cally fail, they cansometimesbemadeto work with appropriateadjustmentsof themodelparam-
etersor with different initialization conditionsandsimulatedwaves (both arestochasticfeatures
of the simulations).1 The parameterregime was chosento robustly supportthe convergenceof
thecanonicalmodel,andthereforethe robustnessof theotherresultsaresomewhatvariable.One
shouldbecarefulin drawing categoricalconclusionsfrom thepresentedresults,ratherthey should
beconsideredasindicatinggeneraltendenciesin themodeldynamics.Table5.2attemptsto sum-
marizethequantitative influenceof themodelmechanisms,in which thenumbersgivenarerelated
to the resultsshown aswell asto accumulatedexperiencerunningmany simulationsthat arenot
presented.

1Theresultsshown wereinitialized with thesamerandomseedunlessstatedotherwise.This procedureensuresthat
thestartingconditionsandthewave activity werethesamein all of theresults,andeliminatesspuriousdifferencesthat
resultfrom differentrandomwavesandstartingconfigurations.

57



CHAPTER5. MODEL RESULTS 58

RetinalPatchDimensions
  Ö   � cells

dLGN LayerDimensions
  Öç�2� cells

Durationin biologicaltime D41-D62 è
Onsetof On/Off activity D55
Time-step(

�'�
) .1 seconds

LearningRate(h) .005
TotaldLGN Cell SynapticWeight( Ï � � � �/���

) .66
TotalRGCSynapticWeight( Ï � � � �/���

) 1.33
RetinotopicBiasat Initialization 20%
Eye-SpecificBiasat Initialization 20%
Iterative On/Off Bias .005%
RGCAxonal Arbor Width at Initialization é 2 sd’s �  :Ñ �2�
�
dLGN Blurring (

�
) �2�^ê  

overdevelopment
Intra-LayerInteractionStrength 1 ë
Inter-LayerInteractionStrength

Ðp  êì� (D41-D55)
Inter-SublayerInteractionStrength

  ê Ðp 
(D41-D55),

Ðp  êì� (D55-D62)
SproutingRate(seeSec.4.3.6) 10
Intra-LayerSproutingStrength 1 è:è
Inter-LayerSproutingStrength

Ðp  êì� (D41-D55)
Inter-SublayerSproutingStrength

  ê Ðp 
(D41-D55),

Ðp  êì� (D55-D62)

Table5.1: Thecanonicalmodelparameters.Unlessstatedotherwise,all thesimulationsin this sectionassumethese

parametersettings.Arrows indicatelinearchangewith time.í
For thepurposesof comparisonto thebiologicaldata,thesedatesassumethatmodeldevelopmentspanstheequivalent

of 3 weeksof biological time. In fact,for computationalefficiency, thecanonicalmodelonly developsduring î 3 hours

worthof waveinputs,andhasarelatively largelearningrateto speeddevelopment(seeSecs.5.1.3and5.4for discussion

andvalidation).ï
Thecoefficient on eachtermin thesum Ï âoð9ñóò á â ã in Eq.4.2.ígí
1 is anarbitraryunit usedto comparethestrengthof intra-layersproutingwith thatof inter-layersprouting.Theintra-

layersproutingis simulatedby convolving theweights(i.e. themodelRGCaxonalarbor)with a Gaussianwith standard

deviation = 1.25dLGN cells( î"ô$õ�öB÷ ), truncatedto a 5 cell width.
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ModelVariant Retinotopy EyeLayers On/Off Sublayers
CanonicalModel 5 5 5
LongTime-Course 4 5 4
Multiple Domains 4 4 4
dLGN Blurring Only 4 5 4
SproutingOnly 4 5 4
No NoisyOff Firing 5 5 0
Biasesø

None 4(0) 5(0) 3(0)ø
All Initial 5 5 0ø
All Iterative 5 5 5

Asymmetriesø
Layer/sublayerinteractions= 1 2 0 0ø
Static 4 5 4(0)ø
Static,inter-layer ê 0 4 5 5ø
Layer/sublayerinteractions= 0 1 5 1

Normalizationø
Post-synapticOnly 0 0 0ø
Pre-synapticOnly 0 4 2ø
Capped 3 4 0ø
Capped& MonocularDeprivation 3 0 1

Table5.2: Qualitative judgmentsof the robustnessof convergencefor the modelvariantsdiscussedin this section,
where5 = very robust and0 = no tendency to develop. Numbersin parenthesesindicatethe tendency to develop the
stereotypicalconfiguration,andareonly includedwherethe developmentof a non-stereotypicalconfigurationis seen.
Theorganizationof thetablereflectstheorganizationof theresultspresented.

5.1 Format of Results

Becausethismodelis structuredwith afair amountof realism,andbecauseit encompasseseye-
specificlayers,on/off sublayers,andretinotopy, the formatusedto displaythe resultsis probably
non-obvious. The majority of the resultspresentedbelow aresimply plotsof thesynapticweight
matricesusedin thesimulations.Becausethemodelsimultaneouslysimulatestheprojectionsfrom
4 patchesof retinato 4 layersof LGN, eachweightmatrix is acollectionof 16sub-matrices.

5.1.1 1-DimensionalResultDisplay

The format of the weight matrix is linked to the format of RGC activity andLGN potential
vectors.As illustratedin Fig. 5.1 thesevectorsaresimply concatenationsof theactivities in each
patchandsublayer. Usingthis format,calculatingtheweightedsynapticinput to theLGN (not the
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Figure5.1: Themodelcanbeexpressedin matrix notationby concatenatingtheactivities of the4 retinalpatchesinto
a singlevectorandcollectingthe synapticweightsfrom eachretinal patchto eachLGN sublayerinto a singlematrix.
Multiplying thesetogetheryieldsanLGN potentialsvectorthat is a concatenationof thepotentialsof LGN cellsin each
of the4 sublayers( þoÿ���� ). Thespecificorganizationof thevectorsandtheweightmatrix areexplainedin thefigure.
Within eachof the4 sub-vectorsof RGCandLGN activities,neighboringentriescorrespondto spatialneighbors.Thus,
thespatialpatternof activity acrosstheretinaandLGN canbeimagedby simply plotting thevectorof activationsfor a
patch.

stablestate,seeAppendixC for discussion)is a simplematterof multiplying the retinal activity
vectorby thematrixof synapticweights.

In eachplot of a weight matrix, the darknessof a dot indicatesthe strengthof the synaptic
weight from an RGC (correspondingto the column) to an LGN relay cell (correspondingto the
row), normalizedby the largestsynapticweight in the entiresimulation. Fig. 5.2 illustratesthe
meaningof the1-d resultsplots.

Notethatonly 5 pointsin thedevelopmentof each1-dsimulationareshown. The5 time-points
werechosento bestillustrateinitialization, theearliestcompletionof eye-specificsegregation,the
earliestpreciseretinotopy, thepoint justaftertheonsetof on/off segregation,andthefinal projection
state.Becauseof theseconstraints,theresultsdisplaysarenot directly comparable,but shouldbe
maximally informative. Note alsothatdifferentdurationsof developmentpassbetweentheonset
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Figure5.2: Plotsof weightmatricesareusedto displaytheresultsof the1-dsimulations.A) Theweightsfrom asingle
retinal patchto a singlesublayerareshown. Thedarknessof anentry indicatesthestrengthof thesynapse.From this
plot wecanconcludethattheprojectionis almostperfectlyretinotopic,becauseneighboringpointsin theretinalpatches
projectmoststronglyto neighboringpoints in the LGN. Perfectretinotopy would correspondto the identity matrix in
thecaseof equalnumbersof LGN cellsandRGCs(in fact theratio of LGN cells to RGCsis 2:1 in the1-d simulations
and4:1 in the 2-d case).B) The structureof the completeweight matrix is shown. In this casethe layersarenot yet
segregated,evidencedby the presenceof synapticconnectionsfrom all retinal patchesto all sublayers,andretinotopy
is still quitecoarse,evidencedby thedissimilaritybetweentheweightmatrix andthe identity matrix. Thematricesare
collectedsuchthata perfectfinal configurationwill look like onelargeidentitymatrix.



CHAPTER5. MODEL RESULTS 62

of on/off segregationandthenext savedtime-point,sothespeedof on/off segregationcanbea bit
misleading.As a ruleon/off segregationoccursvery quickly ( ~  �� � dayin biologicaltime).

5.1.2 2-DimensionalResultDisplay

Theweightmatricesfor 2-dsimulationsarenoteasilyinterpretedbecausetheirspatiallayoutis
arbitrarilymappedinto the1-dstructureof vectors.The2-d resultsaredisplayedin amoreabstract
form (seeFig. 5.3). Thecentersof thereceptive fields(RFs)for eachdLGN relaycell areplotted
andconnectedby linesto theRFcentersof theirnearestdLGN relaycell neighbors.Eachof the16
sub-quadrantsmapstheRFsof thedLGN relaycells in a particularsublayer(correspondingto the
row), in aparticularretinalpatch(correspondingto thecolumn).

Thelocationof a dot within oneof thesub-quadrantsof a plot correspondsto thepositionof
thatRF in visual/retinalspace.Notethatthereare4 dLGN cellsfor eachRGC,soaperfectlysharp
projectionin which eachdLGN cell receivessynapticinputsfrom only 1 RGCwould bea 10x10
grid with 4 overlappingRFscentersplottedat eachvertex (i.e. therewould appearto beonly 100
dLGN RF centersplotted,insteadof 400). Thesizeof a dot indicatesthestrengthof thesynaptic
input from thatretinalpatch(column)to thegivendLGN relaycell. Very smalldotsindicateweak
projections,andno dot indicatesthat the total projectionstrengthfrom that retinal patchto that
dLGN sublayeris lessthan

 ��9  �0�0� th the strengthof the strongestpatchto sublayerprojection.
A perfectgrid within eachsub-quadrantindicatesperfectretinotopy, while blank sub-quadrants
everywherebut themaindiagonalindicateperfectlayersegregation.

5.1.3 SpeedIssues

Themodelwavesinitiate at a frequency andpropagateat a speedthat is directly linked to in
vitro measurementsof the waves (seeTable 4.1). Becauseof theseparallels,thereare roughly
thesamenumberof wavesin a weekof model“biological time” asin a weekof in vivo time, and
the intrinsic time in themodelcanbedirectly relatedto thetime-scaleof biologicaldevelopment.
However, mostof the simulationsshown below have a much shorterdevelopmentaltime-course
thanthebiologicalsystem.Becauseof computationalconstraintsthey only developfor ~ 3 hoursin
biologicalterms.Thedaysthatarepresentedin thecaptionsof mostof theresultspresentedbelow
arenormalized,assumingthat the courseof the simulationcorrespondsto a periodof ~ 3 weeks
(D41-D62).

My assumptionin this modelis thata long runningsimulationwith a relatively small learning
ratewill yield roughlyequivalentresultsto a shortsimulationwith a relatively large learningrate.
To the extent that this approachaltersthe behavior of the model,I would expectthat it is biased
againstappropriatedevelopment.My reasoning,andthatof othermodelers,is that thesystemcan
develop appropriatelybecauseit is able to smoothout idiosyncrasiesthat occuron a short time-
scaleby averagingactivity andsynapticweightchangeover a long spanof time. An unrealistically
fasttime-coursecouldpusha modeltoward local minima,preventingit from converging to global
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Figure5.3: Plotsof the receptive field (RF) centersareusedto displaythe 2-d simulationresults. (A) The weights
from a singleretinal patchto a singlesublayerareshown. The receptive field centersof neighboringdLGN cells are
linkedby lines. A regulargrid indicatesperfectretinotopy. Thesizeof eachdot indicatesthestrengthof theprojection
from theretinalpatchto thecorrespondingdLGN cell. (B) Thestructureof thecompleteweightmatrix is shown. In this
case,thelayersareperfectlysegregatedin thestereotypicalconfigurationwith nearlyperfectretinotopy in eachsublayer.
Theblanksub-quadrantsindicatethatthereis only averyweakprojectionfrom thegivenretinalpatchto thegivendLGN
sublayer( "�#%$�& of thestrengthof thestrongestpatchto sublayerprojection).
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order. In this view, if themodelachievesglobal orderwith a fasttime-courseit is a testamentto
therobustnessof themechanismsinvolved. In orderto validatetheseassumptionsandensurethat
the resultsarenot spuriouslysupportedby the accelerationin the time-courseof development,a
simulationwith amorerealistictime-coursewasrun (seeSec.5.4)andtheresultswerein line with
theothersimulations.

5.1.4 ScaleIssues

Most of the simulationspresentedbelow are1-d simulationswith 1x10 RGCsin eachpatch
and1x20 dLGN relay cells in eachsublayer. Thereis alsoa 2-d simulationwith 10x10RGCsin
eachpatchand20x20dLGNrelaycellsin eachsublayer. The1-dsimulationsareusedto explorethe
modelbehavior, becausethey aremuchlesscomputationallydemandingthenthe2-dsimulations2.

The 2-d modelhelpsto addressseveral potentialproblemsin the 1-d simulation. Eachsim-
ulatedwave in the1-d simulationis modeledasa 1-d sectionthrougha 2-d wave that propagates
from a randompoint locatedon a circle (radius= 100RGCs)aroundtheretinalpatch.As a result,
somewave-frontsareorientedparallelto theorientationof theretinalstrip. Effectively this causes
averywide,veryquickly moving waveto exciteall of theRGCsin a1-dpatchsimultaneously(this
is not true in themultiple domain1-d simulation,Sec.4.3.2). In the1-d simulationstheseparallel
wavescould unrealisticallysupportthe groupingof distantRGCsin the sameretina. In the 2-d
modeltherecannever bea wave thatsimultaneouslyactivatesall of theRGCs(becausethewaves
limited in their width) so theconvergenceof the2-d modelindicatesthat this unrealisticaspectof
the1-dmodelis notnecessaryfor appropriatemodeldevelopment.

The2-d modelprobablyalsopresentsa morerealisticpictureof thelateralinteractionsin the
dLGN thanthe1-d modelbecauseeachdLGN cell hasmorenearestneighbors.In the1-d model
thereare2 nearestintra-sublayerneighbors(exceptat theedges),while in the2-dmodelthereare4.
Becausethenumberof inter-sublayerconnectionsis thesamein boththe1-dandthe2-dsimulation
(2 or 1 at a boundary),theasymmetriesin intra-dLGNinfluenceareaccentuatedin the2-d model.
This increasein asymmetryseemsto supportfasterandmorerobust layer segregation in the 2-d
relative to the1-dsimulations,suggestingthatjudgmentsof robustnessbasedon the1-d resultsare
probablyslightly conservative.

Becausethe2-dmodelincorporatesa4:1dLGN relaycell to RGCratio,it alsomoreaccurately
modelstheneuralamplificationfactorfoundin cats,andferrets(seeSec.2.3.3). In my experience
thedegreeof neuralamplification(i.e. “dimensionexpansion”)haslittle effect on theconvergence
behavior of themodel.

2In thefull 2-dsimulationthesynapticweightsmatrixis1600x400,andthematrixthatmediatesthelateralinteractions
in thedLGN is 1600x1600.At this scalethemodeltakesmorethanaweekto simulate.
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NOT DONE
Figure5.4: The2-d simulationof thecanonicalmodelcansupportthedevelopmentof preciseretinotopy, eye-specific
layersegregationandon/off specificsublayersegregation.RFcentersof dLGN cellsin the4 sublayersareplottedin each
of the4 retinalpatches(Fig. 5.3). Thedevelopmentaltime-courseis shown atages(A) D41,(B) D42,(C) D44,(D) D47,
(E) D50,(F) D54,(G) D56,(H) 62.

5.2 Organizationof Results

Themainmechanismsin themodelareexploredanddiscussedbelow. Becausethesemecha-
nismsdonot fall into ahierarchy, thereis notanaturalorganizationfor theexplorations.In orderto
provide somestructure,Table5.2providesanoutlineof theorganizationandorderof theresults.

5.3 CanonicalModel

Themechanismsin themodelcansupportthedevelopmentof eye-specificlayers,on/off sub-
layersandpreciseretinotopy from aninitially disorderedprojection.Thetime-courseof refinement
is qualitatively similar to refinementin the actualprojection: eye-specificlayerssegregateearly
in development,on/off sublayerssegregateduringdifferentialon/off activity in the retina,andthe
refinementof retinotopy is relatively prolonged.Over thecourseof developmenttheconnectivity
sharpens,but the arborsstaywithin a relatively constrainedrangeof widths (asseenin the ferret
andcat,seeSec3.3.3).

A large 2-dimensionalsimulation is shown in Fig. 5.4. The initial projection is shown in
Fig. 5.4A. The small amountof bias toward retinotopy, andeye-specificlayer segregation is the
samein this simulationas in all of the others(unlessstatedotherwise),but the display method
makes the degreeof initial disordermoreclear. Notice that the layerssegregatequickly relative
to retinotopicrefinement,andthat the on/off sublayerssegregatequickly after the onsetof on/off
differentiatedRGCactivity. Theextentof segregationis lessevident in the2-d modelthanin the
1-d modelsbecausethe thresholdfor ignoring residualweightsis very low in the2-d plots. Weak
synapticweightsin the1-d plotsdisappearat a higherthresholdbecausethey areon a continuous
scalewith thestrongestsynapticweightsover theentirecourseof development.

For comparisonto theotherresultsshown below, a 1-d simulationis shown in Fig. 5.5. The
sharpnessof theoff-centerRGCarborsrelative to theon-centerRGCsat theendof developmentis
dueto thedifferencesin theiractivity patternsduringon/off sublayersegregation.Becauseof noisy
firing during this period,theoff-centerRGCsoftenfire in relative isolationfrom otherRGCs(see
Sec.4.3.2).This isolatedfiring allowssynapsesto grow maximallybecausethereis nocompetition
for synapticresourcesfrom othercells. Theon-centerRGC’s continueto fire only in waveswhen



CHAPTER5. MODEL RESULTS 66

A
'

B C D E

Figure5.5: A 1-d simulationof thecanonicalmodelcansupportthedevelopmentof preciseretinotopy, eye specific
layersegregationandon/off sublayersegregation.Weightmatrix is shown at ages(A) D41, (B) D42, (C) D46, (D) D56,
(E) D62.

many of their neighborsaresimultaneouslyactively competingfor resourcessotheirarborsremain
relatively broad.

5.4 Longer Time-course

As discussedabove in Sec.5.1.3mostof thesimulationsof thecurrentmodelhave anunreal-
istically shorttime-courseandfastlearningratein orderto make thesimulationsrunfaster. In order
to validatethis approach,a simulationwith a realistictime-coursewasrun. Fig. 5.6 illustratesthe
developmentof asimulationthattook21 daysin modelbiologicaltime.

Theconvergenceof this realisticallytimedsimulationdemonstratesthat themodeldynamics
do not dependon a speededtime-course. The model also demonstratesthat with this extended
time-course,theparameterscanbechosensuchthatthetime-courseof layersegregationaccurately

A B C D E

Figure5.6: A simulationwith a realistictime-coursedevelopssimilarly to thespeededstandardsimulations.Weight
matrix with a biologicaltime-courseof 3 weeksis shown at ages(A) D41,(B) D46,(C) D53,(D) D57,(E) D62.
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followstheobservedtime-courseof segregation.3 In thissimulation,thelearningratewasdecreased
in inverseproportionthechangein simulationtimeandfurtherby afactorof 10in orderto bringthe
time-courseof layerformationinto accordancewith biologicalobservations(from

Ñ Ö   �)(�* to
Ñ Ö  � (�+ ). Due to computationalconstraints,the time-stepusedin this modelwas.5s insteadof .1s.

All otherparameterswerethesameasin thestandardsimulations.

5.5 Multiple Domains

As discussedabove in Sec.4.3.2the modelassumesthat eachretinal patchis always in the
sametransientsubdomain,andsoalwayshasawavepasscompletelyover it. In orderfor themodel
to begenerallyapplicableto thedevelopmentof clusteringor to theafferentsfrom eachentireretina,
themodelmustbeapplicableto multiplesub-domains.In orderto modelmultiplesubdomains,and
to bias the simulationagainstunrealisticmechanismsof layer segregation, a simulationwas run
usingwavesthatpassedover only

 ��2Ñ
— , �2Ñ of a retinalpatch,leaving therestof theRGCssilent.

Thisactivity patterncorrespondsto theretinalpatchbeingchronicallylocatedontheshiftingborder
betweentwo transientsubdomains.TheactiveandsilentRGCswereateitherendof theretina,such
thatRGCsat theoppositeendsof theretinalsheetwerenever co-active. BecausetheRGCswithin
the sameretinal patchare anti-correlatedin this simulation(Fig. 5.7), theseafferentsmight be
expectedto clusterlessthanthey do in thebiologicalsystem,wherethey fire independently(Wong
etal., 1993andDanielButts,personalcommunication).

In spiteof thisanti-correlation,themodelstill supportslayerandsublayersegregation(Fig.5.8).
Thefactorworking in favor of eye-specificsegregationis the“chaining” of thetendency of neigh-
borsto clustertheir afferentstogether. It follows thatthetransient/shiftingnatureof thesubdomain
boundariesis crucial to the global segregationof afferents,becausethis shifting preventssubdo-
main boundariesfrom chronicallysupportingsharpdropsin correlationsbetweenthe activity of
neighborson oppositesidesof the subdomainboundaries.The lengthof time neededto achieve
layer segregation is moreprolongedin this model than in the modelswith only onesubdomain.
Thisobservationcanhelpexplainwhy thesegregationof layersis unrealisticallyfastin mostof the
simulations( ~ 1 dayversus~ 7-9daysin thebiologicalsystem),becausethebiologicalsystemhas
to rely on thechainingeffect over a relatively largedistancein orderto supporttheglobalcluster-
ing of afferentsfrom eacheye. Intuition suggeststhatasthenumberof subdomainsincreases(i.e
astheretinalsizeincreases,or thewave durationdecreases)theperiodof activity-dependentlayer
segregationshouldbecomelonger.

3Along with morerigorousmatchingof the simulatedwaves to the in vitro measurementsand further dataon the
mechanismsof synapticchange,themodelbiologicaltime-courseof segregationcouldserveasausefulconstrainton the
modelparameters.For example,the learningrate( - ) that supportedan appropriatetime-courseof developmentcould
provide a roughestimateof thestrengthof synapticchangemechanisms.
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Figure5.7: The correlationmatrix of the RGCsin onepatchduring non-overlappingwaves. The color-bar below
indicatesthe correlationvaluecorrespondingto the plot above. Note that the correlationsarenegative betweenRGCs
thatareseparatedby largedistances.SeeSec.4.3.2for detailsof theactivity patternsandtheir importance.
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Figure5.8: Multiple sub-domainsof retinalactivity cansupportlayerandsublayersegregation. Weightmatrix with
non-overlappingwaves(seetext for details,Sec.5.5) is shown at ages(A) D41,(B) D43,(C) D47,(D) D56,(E) D62.
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Figure5.9: Assumingexuberantinitial connectivity lateral interactionscansupportthe developmentof retinotopy,
eye-specificlayersegregation,andon/off sublayersegregationin theabsenceof sprouting.Weightmatrixwith exuberant
initial conditionsandnosproutingis shown at ages(A) D41,(B) D42,(C) D45,(D) D56,(E) D62.

5.6 Blurring and Sprouting in the dLGN

The effects of sproutingand thoseof lateral influencein the dLGN are largely redundant.
Bothsupportretinotopicrefinement,andtheasymmetricnatureof bothsupportslayerandsublayer
segregation.

5.6.1 Blurring

Lateral interactionsalonecansupportthe developmentof retinotopy, eye-specificlayersand
on/off sublayers,Fig. 5.9.Becausearborscannotshift theirpositionsappreciablywithoutsprouting
processes,it wasnecessaryto assumeexuberantinitial connectivity (i.e. every RGC synapseson
every dLGN relay cell) to ensurethat convergencewaspossible.This conditionwassatisfiedby
increasingthewidth of theinitial RGCaxonalarborsto

  �
Ö thecanonicalwidth (s.d. � �0�2�2�
� ).

In previousmodelsit hasbeenfoundthatmapsconvergemorerobustly whenthelateralinflu-
encein thedLGN startsoff wide-rangingandthenslowly decreasesoverdevelopment(a“shrinking
neighborhoodfunction”). Thisshrinkinginfluenceis instantiatedin thecurrentmodelasashrinking
in theparameter

�
(Fig 4.6,correspondingto anincreasein theinhibitory conductances,Sec.4.3.4).

In thecurrentparameterregime,thisshrinkingis notnecessaryfor properconvergence.Simulations
with

� �  
or

� � �2� throughoutdevelopmenthadresultsvery similar to thoseshown in Fig. 5.9.
Therearesomeinappropriatelyplacedsynapsesin the caseof

� �  
, but convergenceis nearly

perfect.In my experiencewith otherparameterregimes,staticlargeor small lateralinteractionsdo
make convergenceto layersegregationandretinotopy lessrobust,but notmarkedly so.
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Figure5.10: Sproutingcansupportthe developmentof retinotopy, eye-specificlayer segregation in the absenceof
lateralexcitatoryinteractionsin thedLGN. Weightmatrixwith no lateralinteractionsis shown atages(A) D41,(B) D43,
(C) D47,(D) D56,(E) D62.

5.6.2 Sprouting

Sproutingalonecansupportthedevelopmentof retinotopy, eye-specificlayersandon/off sub-
layers,Fig. 5.10.While previousmodelswith only sproutinghave demonstratedthatsproutingcan
supportthe emergenceof retinotopy andeye-specificlayers(Keesinget al., 1992; Eglen,1997),
attemptsto supporton/off specificsegregation with only sproutinghave beenunsuccessful(see
Sec.7.2.2andEglen,1997). Theability of this modelto supporton/off sublayersegregationwith
only sproutingis probablydueto thepresenceof asymmetriesin sproutingandbiasestowardsub-
layersegregation.

While sproutingandlateralinteractionsredundantlysupporttheclusteringof correlatedaffer-
ents,sproutingalsoallowsarborsto shift graduallyoverdevelopment.Thus,it is possiblethatlateral
interactionsarenot necessaryfor activity-dependentretinogeniculaterefinement,but someform of
sproutingis probablynecessaryto ensurethatarborscanshift their positionsoverdevelopment.

5.7 No On/Off Activity

Becausetheiterative on/off biasandtheasymmetriesin themodeldo not independentlysup-
port sublayersegregation,sublayersfail to segregatein the absenceof differentiatedon/off RGC
activity, Fig. 5.11.

5.8 Biases

In orderto illustratethe role of the initial biases(Sec.4.3.3)in termsof themodelbehavior,
a simulationwasrun in which therewasno biastowardretinotopy, eye-specificlayersegregation,
or on/off sublayersegregation. As illustratedin Fig. 5.12 the simulationcandevelop continuous
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Figure5.11:Differentiatedon/off RGCactivity is crucialto thedevelopmentof on/off dLGN sublayers.Weightmatrix
with no noisy off-cell firing is shown at ages(A) D41, (B) D42, (C) D45, (D) D56, (E) D62. The weightsaredarker
during the initial partsof developmentbecausethey arelarger relative to the blurry andunsegregatedfinal stateof the
projectionthanto a normalmatureprojection.

retinotopy, eye-specificlayers,andon/off sublayerswithout any biases.Note that, asonewould
expect,thematureconfigurationis notnecessarilystereotypicalwithout biases.

More surprisingis the fact that, without biases,convergencetoward any segregatedconfigu-
ration is more fragile, especiallyconvergenceto segregatedon/off sublayers.This suggeststhat
biasesnot only supporta stereotypicalfinal configuration,but they alsohelp to supportthe layer
andsublayersegregationin general.On/off sublayersegregationis probablyespeciallydependent
on biasesbecausethe correlationalstructurein the retinal activity differentiatesthe on/off RGCs
lessthanit differentiatestheRGCsfrom thetwo eyes.

Simulationssuggestthat it is possibleto compensatefor the influenceof the missingbiases
by increasingtheinfluenceof asymmetrieson layerssegregation.Loweringthetheinter-layerand
inter-sublayerinteractions(i.e. from .1 to .001)makeslayerandsublayersegregationfairly robust.
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Figure5.12:A simulationwithoutany biasesandwith theinter-layerandinter-sublayerinteractions= .001candevelop
retinotopy, eye-specificlayersegregation,andon/off sublayersegregation.Weightmatrix is shown at ages(A) D41, (B)
D42,(C) D54,(D) D56,(E) D62.
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5.8.1 AlternateTypesof Bias

Theactualform of thebiasesis not crucial to properconvergence.Thecanonicalmodeluses
aningrowth bias(onestep,at initialization)for theeye-specificlayers,andatrophicbias(iteratively
appliedeverystep)for theon/off sublayers.Usingtrophicbiasesor aningrowth biasfor bothlayers
andsublayersalsosupportsconvergenceto thestereotypicalmaturestate.However, the ingrowth
bias for the on/off sublayersmust be enforcedat the onsetof on/off sublayersegregation or it
attenuatesbeforetheperiodof sublayersegregation.

5.9 Asymmetriesin Sprouting and Lateral Interactions

5.9.1 NoAsymmetries

Asymmetriesin theintra-dLGNinteractionsarecrucialto theproperconvergenceof themodel
(seeFig. 5.13). In the canonicalmodel the inter-sublayerinfluenceis

  �A� of the strengthof
the intra-sublayerinfluencebetweennearestneighbors. Likewise, RGC axonalarbor sprouting
is strongerwithin a layer thanbetweenlayers,by the samefactor. To my knowledgethis useof
asymmetricallateral interactionsto supportlayer formation is uniqueto this model,andhasnot
beentestedbiologically.4

Without theseasymmetriesroughretinotopy emerges,but eachRGCarborinnervatesall sub-
layers. In fact,eachRGCarborduplicatesitself in all of thesublayers.This duplicationbetween
layersarisesin theabsenceof asymmetriesbecausestructuresin onelayercancooperatively rein-
force similar structuresin adjacentlayers. Whenthis tendency is strong,the structuresin all the
sublayersareidentical,asseenin Fig. 5.13.

5.9.2 StaticAsymmetries

Althoughasymmetriesareassumedto increaseoverthecourseof developmentin thecanonical
model (seeFig. 4.7), this assumptionis not necessaryfor appropriateconvergence. A model in
whichtheinter-layerandinter-sublayerweightsremain.1overdevelopmentrobustlydevelopslayer
andsublayersegregation. However, evenwith thebiastowarda stereotypicallayerconfiguration,
thesublayerconfigurationrobustly endsup switchedsuchthat theon-centercellsclustertogether
at theborderbetweenthelayers(seeFig 5.14).That is, theon-centerRGCsfrom thetwo eyesend
up projectingto theoutersublayerof layerA andtheinnersublayerof layerA1 (seeFig. 5.1).

4Previous analyticwork (Miller, 1996)suggeststhat the importanceof asymmetriesto the formationof layersand
sublayersin thedLGN is aspecificinstanceof thetendency of lateralinteractionsto determinethelayoutof topographic
maps.Likewise,thedevelopmentof precisereceptivefields(eyeandon/off specific)is aspecificinstanceof thetendency
of correlationsin theinputsto determinereceptive field structure.
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Figure5.13: Asymmetriesin intra-dLGNinteractionsandRGCsproutingarecrucial to modelconvergence.Weight
matrix with no asymmetriesin eithersproutingor intra-dLGNinteractionsis shown at ages(A) D41, (B) D42, (C) D48,
(D) D56,(E) D62.

Unlike thecanonicalasymmetries,staticasymmetriesprovide excitatoryinteractionsbetween
the layersduringtheperiodof on/off sublayersegregation. Indeed,thestereotypicalconfiguration
re-establishesitself if this inter-layer excitatory interactiondisappears(i.e. inter-layer interactions
= 0) duringtheperiodof on-off segregation(seeFig. 5.15).Theclusteringprobablyarisesbecause
thecorrelationsbetweentheon-RGCsfrom thetwo eyesarehigherthanthecorrelationsbetween
theon-RGCsfrom oneeyeandthenoisily firing off-RGCsfrom theothereye. BecausedLGN cells
thathave anexcitatory influenceon eachothertendto have morecorrelatedinputs,the inter-layer
excitationsupportsthegroupingof theon-centerafferentsfrom thetwo eyes.

5.9.3 No Inter-Layer/SublayerInteractions

An absenceof inter-layerandinter-sublayerinteractionsalsodisruptsappropriatemodelcon-
vergence(Fig. 5.16).It seemsthattheretinotopicmapsin thesublayersneedmutualreinforcement,
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Figure5.14: Staticasymmetriesin intra-dLGNinteractionsandRGCsproutingsupportthesegregationof layersand
sublayers,but not in thestereotypicalconfiguration.Weightmatrix with inter-layerandinter-sublayerinteractionsfixed
at .1 is shown atages(A) D41,(B) D42,(C) D47,(D) D56,(E) D62.
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Figure5.15: Staticasymmetriesin intra-dLGN interactionsandRGC sprouting,coupledwith the disappearanceof
inter-layerinteractionsduringon/off sublayersegregation,supportspropermodelconvergence.Weightmatrixwith inter-
layerandinter-sublayerinteractions= .1 from D41-D55,andinter-layerinteractions= 0 from D55-D62is shown atages
(A) D41,(B) D42,(C) D47,(D) D56,(E) D62.

or they will divergeandeventuallyfracture.AlthougheachRGCarboronly innervatesonesublayer,
RGCsfrom thesamepatchdo not segregateinto thesamesublayer.

In summary, inter-layerandsublayerinteractionsmustbepresentandmuchweaker thanintra-
sublayerinteractionsto supportlayer andsublayersegregationaswell as retinotopicrefinement.
In addition, the inter-layer interactionsmust decreaseto 0 (at least)aroundthe onsetof on/off
segregation in order to prevent on-centerafferentsfrom the two eyesfrom clusteringin adjacent
sublayers.
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Figure5.16:Layersegregationcanoccurin theabsenceof interactionsbetweendLGN layersandsublayers,but retino-
topy andsublayersegregationrequiresomeinteractions.Weightmatrixwith inter-layerandinter-sublayerinteractions=
0 is shown at ages(A) D41,(B) D42,(C) D47,(D) D56,(E) D62.
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Figure5.17: In theabsenceof pre-synapticnormalizationall of thesynapticweightconcentratesin oneor afew RGCs,
leaving theotherRGCswithout synapses.Weightmatrix with no pre-synapticnormalizationis shown at ages(A) D41,
(B) D42,(C) D45,(D) D56,(E) D62.

5.10 Pre- and Post-SynapticNormalization

Both pre and post-synapticnormalizationare crucial to the model’s stability. As shown in
Fig. 5.18,normalizingonly thepre-synapticweightsresultsin a handfulof dLGN cells receiving
all of the retinal synapses.Likewise, Fig. 5.17 resultsin oneRGC dominatingthe entire retinal
projection. This sharpeningof the retinogeniculateprojection is supportedby the combination
betweenscaledsynapticweightupdateandmultiplicative normalization.

5.10.1 NoPre-SynapticNormalization

In the absenceof pre-synapticnormalization,the total synapticstrengthof an RGC is only
constrainedby thenumberof dLGN cellsandtheir total synapticstrength.Undertheseconditions
oneor a few RGCseventuallydominatetheentireprojection(seeFig. 5.17).This concentrationof
synapticweight is possiblebecauseactivity spreadsin thedLGN. A strongsynapsewill alsotend
to reinforcethe growth of synapsesfrom the pre-synapticRGC to nearbydLGN cells (sprouting
hasasimilareffect). Eventually, thisprocesstendsto amplify theprojectionof anRGCwith strong
synapsesuntil it dominatesall post-synapticcells. During periodsthatthedominantRGCis silent,
otherRGCswill be able to competefor resources,but when the dominantRGC is active it will
morethanrecoupits losses.Oncediscrepanciesarisebetweenthetotal synapticstrengthof RGCs,
adominantRGCwill tendto increasethegapbetweenit andtheotherneuronsoverdevelopment.

5.10.2 NoPost-SynapticNormalization

In theabsenceof post-synapticnormalization,thetotalsynapticstrengthof adLGN cell is only
constrainedby thenumberof RGCsandtheir total synapticstrength.Undertheseconditionsone
or a few dLGN cellseventuallydominatetheentireprojection(seeFig. 5.18).Onemechanismthat



CHAPTER5. MODEL RESULTS 76

A
'

B C D E

Figure5.18: In the absenceof post-synapticnormalizationall of the synapticweight concentratesin oneor a few
dLGN cells,leaving theotherdLGN cellswithoutsynapses.Weightmatrixwith nopost-synapticnormalizationis shown
at ages(A) D41,(B) D42,(C) D45,(D) D56,(E) D62.

supportsthis concentrationof synapticweight is thata post-synapticneuronwith a large incoming
synapticstrengthwill tendto be active morethana neuronwith lessincomingsynapticstrength.
Due to this fact, any synapsesfrom RGCsonto a stronglyconnecteddLGN cell will tend to be
strengthenedmoreatall activity levels(savesilence)thanthesynapsesfrom thesameRGCto other
dLGN cells,becausethoseotherdLGN cellsare,on average,lessactive andthesynapticchangeis
scaledby thepost-synapticactivity. Theresultis that theconnectionsfrom all RGCsto a strongly
connecteddLGN cell will tendto grow fasterthansynapsesto lessstronglyconnecteddLGN cells.

Theabove descriptionwill only be accurateto theextent thatall RGCsconnectto all dLGN
cells. Sproutingpushessynapticconnectivity towardthis state,althoughnot completelyandespe-
cially notbetweenlayers(dueto asymmetries).Theresultis thatthedominantdLGN cell canonly
capturethe retinal inputsto its sublayer, ratherthanall the retinal inputs. After developmentthis
resultsin onecell in eachsublayerthatcapturesall theretinalsynapsesto thatlayer(seeFig. 5.18).

5.10.3 CappedNormalizationandMonocularDeprivation

Monoculardeprivationresultsin thedeprivedeyelosingmuchof its projectionto thebinocular
region of thedLGN, andthesparedeye expandingits axonsinto the layersthat it would normally
not innervate. The canonicalform of the currentmodelcannotaccountfor theseresults,because
the total synapticweight supportedby the pre-synapticcells is tightly constrained(normalized)
andindependentof activity. Howeverusingavariantof normalization(“cappednormalization”,see
Sec.4.3.7),derivedby analogyto Eglen’swork (Eglen,1997,andSec.7.2.2),it is possibleto model
someof themonoculardeprivationresultsin thecurrentframework. Cappednormalizationallows
RGCaxonalarborsto sustaina total synapticstrengththatis smallor 0, but limits theirgrowth to a
maximalvalue(

æ
, seeSec.4.3.7).
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Figure5.19: Cappednormalizationsupportsthedevelopmentof roughretinotopy andeye-specificlayers,but fails to
supportthedevelopmentof on/off sublayers.Weightmatrix with cappednormalization( . ÿ0/1# ô$ô ) is shown at ages(A)
D41,(B) D45,(C) D48,(D) D56,(E) D62.

CanonicalInputs Cappednormalizationsupportsthe developmentof retinotopy, and eye-
specificlayersegregation,but not on/off sublayersegregation.Theresultsof simulatingthemodel
developmentwith this form of normalization(with

æ � � Ð �0� ) is shown in Fig. 5.19. Thespecific
valueof

æ
waschosento bestsupportnormaldevelopmentwith canonicalinputsandappropriate

developmentwith monocularinputs. Lower valuesof
æ

tend to form eye-specificlayersin both
cases,andhighervaluestendto supportthe dominationof the projectionby a singleeye in both
cases.

Note that,becausethey have a higheractivity level, theoff-RGCscometo dominatethepro-
jectionduringtheperiodof on/off sublayersegregation.Thisfindinghighlightsapotentialdilemma
in modelingmonoculardeprivation andon/off layer segregationsimultaneously. The deprivation
resultssuggestthatRGCswith low activity levelswill tendto losetheir synapticconnections.Yet,
thereareno obvious asymmetriesbetweenthe normalprojectionsfrom the on andoff-RGCs—
eventhoughtheon-RGCsareonly 25%asactive astheoff-cells duringtheperiodof on/off segre-
gation.Resolutionof this dilemmacouldbeprovidedby: undiscoveredasymmetriesin theon and
off-RGC projectionsto thedLGN; addedcomplexities in therelationbetweenpre-synapticactivity
andtotal synapticstrength;or addedcomplexities in thedynamicsof weightchange.

MonocularDeprivation Whendeprivation conditionsaresimulatedby silencingoneretina,
cappednormalizationyieldsresultsin accordancewith deprivationexperiments(seeSec.3.3.7).In
this simulationthe deprived eye losesits projectionto thedLGN (the binocularregion that is the
focusof thecurrentmodel),while thesparedeye takesover theentiredLGN (Fig. 5.20).

In this case,the off-RGCsarepreventedfrom dominatingthe monocularprojectionbecauseæ
will only allow themto support ~ 2 Ö their normalsynapticstrength,wheretheir dominationof

theentireprojectionwould requirethemto support,4Ö theirnormalsynapticweight.Theon-RGCs
retainaportionof thesynapticweightbecausethereis nocompetitionfor theirresources,analogous
to thesilentRGCsin thecanonicalmodelwith monoculardeprivation.
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Figure5.20: Cappednormalizationwith monocularretinal deprivation (silencing)resultsin the dominationof the
retinogeniculateprojectionby the sparedeye. In this monocularprojectionthereis roughretinotopy, andsomeon/off
layersegregation.Weightmatrix with cappednormalization( .¢ÿ�/1# ô$ô ) andmonoculardeprivationis shown at ages(A)
D41,(B) D42,(C) D44,(D) D57,(E) D62.

5.11 Summary

It wasdemonstratedthat the canonicalversionof the model, as well as versionswith only
sproutingor lateral excitatory interactionsin the dLGN can supportthe developmentof precise
retinotopy, eye-specificlayersegregationandon/off sublayersegregation.It wasfurthershown that
themodelshowsrobustconvergenceatdifferenttemporalandspatialscales.Theeffectsof someof
theparametersandmechanismsin themodelwerediscussedandillustrated.



Chapter 6

Formal Analysis

Understandingthebehavior of themodelthroughsimulationsis difficult becausetherearesimply
too many parametersto explore simultaneously. A morepowerful approachis to understandthe
dynamicsof the equationsandthe effectsof the parameterson thosedynamicsby addressingthe
mathematicsof the model at an analytic level. This type of approachcan point out the crucial
aspectsof themodelandeven,in somecases,predictits dynamicswithout resortingto simulations.

6.1 Analytic Difficulties

In its main formulation,themodelis quite difficult to approachanalytically. Therearethree
problems:themodeldependsonnormalizingtheweightsoverboththepre-andpost-synapticcells;
the modelutilizes limited connectivity andsprouting;andthe weight dynamicsin the modelare
non-linearbecausetheweightupdateis dependenton thepreviousweights.

First,theuseof bothpreandpost-synapticnormalizationgeneratestwo conflictingconstraints
that prevent the exact satisfactionof eitherconstraint.The resultingdynamicsdo not conformto
any constrainedobjective function.Therefore,theapproximatenormalizationusedin themodelpre-
ventsexactinterpretationof themodelin termsof previousanalyticwork (Wiskott andSejnowski,
1997; Wiskott and Sejnowski, 1998; Miller and MacKay, 1994), and other modelsthat enforce
eitherpreor post-synapticnormalization,but notboth(e.g.Miller etal., 1989).

Second,themodelassumptionof limited connectivity coupledwith sprouting,althoughbio-
logically realistic,preventsdirectcomparisonwith previousmodelsthatuseall-to-all connectivity
for analyticandcomputationalsimplicity. This difficulty is mitigatedby thefact thatsprouting,at
leastin thecaseof onemodel,hasbeenshown to be formally equivalentto moretraditionalfully
connectedmodels(Miller, 1997b). The equivalencebetweenthe modelsdependson the possible
positionsof the arborsbeing equivalent in the two models(i.e. that their “arbor functions” are
equivalent),andon bothmodelshaving subtractive normalization.

Third, explicitly scalingthe weight updateby the previous weight makes the weight update

79
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intractableto linearanalysis.Fortunately, guidedbypreviousanalyticwork (Wiskott andSejnowski,
1998; Miller and MacKay, 1994), it was possibleto constructan alternative formulation of the
model that makes the normalizationsubtractive and simultaneouslyaddressesthe third problem
by makingthesynapticweightchangeindependentof thepreviousweight (exceptasit influences
dLGN activity).

6.2 Alter nate Formulation

The recentwork of Wiskott andSejnowski (Wiskott andSejnowski, 1998; Wiskott andSe-
jnowski, 1997)hascreatedamathematicalfoundationfor translatingamodelin which thesynaptic
weight changeis scaledby theexisting weight into a moretraditional,linear andtractablemodel
in which thesynapticweightchangeis not explicitly effectedby thepreviousweight. This change
is coupledwith a changefrom multiplicative normalizationto subtractive normalization.Wiskott
andSejnowski’s analysis,aswell asprevious analyticwork (Miller andMacKay, 1994),suggests
that thechangesin theweightgrowth rule andthenormalizationrule compensatefor eachother’s
influence.

Wiskott andSejnowski’sanalysisappliesin astraightforwardfashiontomodelswith eitherpre-
or post-synapticnormalization,but notboth.Difficultiesarisewhenbothformsof normalizationare
enforcedsimultaneously(asin thecurrentmodel),becausetheconstraintsinterferewith eachother
— resultingin inexact satisfactionof both constraints.In orderto constructa subtractive version
of thecurrentmodel,I followedWiskott andSejnowski’s discussionof a canonicalcasewith only
pre-or post-synapticnormalizationandgeneratedananalogoussubtractive versionfor thecurrent
model.Theresultingmodelis thusmotivatedby their analysis,but not rigorouslyderivedfrom it.1

Theresultingmodelwasthenvalidatedthroughsimulations,asdiscussedin thenext section.

Wiskott andSejnowski outlineamodelwith scaledHebbianlearningandamultiplicativepost-
synapticnormalizationrule thatis describedby theequations:2

1Formally, Wiskott andSejnowski translatefrom onesetof weightupdateandnormalizationequationsto anotherby
conceptualizingthe modelasa setof dynamics(driven by weight update)that minimize an objective function subject
to constraints(the normalizationprocedure).The modeldynamicsareframedasan optimizationproblem,wherethe
modeleventuallysettlesinto aminimumof theobjective function.Thebenefitof thisapproachis thatthesameobjective
functioncanbeminimizedin morethanoneway. Two setsof equationsthatminimize thesameobjective functionwill
resultin similarendstatesevenif theirpaths(theirdynamics)aredifferent.If theendstateof oneof thesetsof equations
is predictableanalytically, the endpoint of the otherset is known aswell. Alternatesetsof equationsarederived by
transformingtheobjective functionvia coordinatetransformations(i.e. changesof basis)thatpreserve theminimain the
objective function,but changeits error surface. This changederror surfacechangesthe dynamicsof theminimization
andtheconstraints.Becausethesetof transformedequationsminimizesthesameobjective function(undera coordinate
transformation)thetwo setsof equationscanbetakento beroughlyequivalentin termsof thematurestructuresthatthey
support.

2The notationandapproachin Wiskott andSejnowski (1998) is quite different from that usedin this thesis. For
purposesof clarity andconsistency, I useterminologythatis consistentwith thecurrentdiscussion.This departurefrom
Wiskott andSejnowski’s framework resultsin somelossof fidelity to thedetailsof Wiskott andSejnowski’s approach.
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They show that theseequationsminimize the sameobjective function (undera coordinatetrans-
formation) as the following equationsthat enforceunscaledHebbianlearningand a subtractive
normalizationrule: � � � �/����'� � � � �=� � � ���

(6.3)
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denotestheupdatedandunnormalizedsynapticweight,andif
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By analogyI constructeda normalizationrule that appliesto the simultaneouspre andpost-
synapticnormalizationusedin thecurrentmodel:3
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constrainedsuchthat:

if
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if
�� � �/��� å   Íg� � �/��� �  

The factorsof 2 areaddedto counteractthe summingoperationsover both pre andpost-synaptic
indices,andthesecondconstraintis addedbecausethis normalizationis approximate,sothateven
afternormalizationsomecellscansupportmoresynapticweightthanmaximallyallowed.

3It is possiblethat thereareotherunscaledsubtractive formulationsthathave thedesiredconvergencebehavior, but
constructingoneis not trivial. Beforelearningof Wiskott andSejnowski’s work, I madeseveral unsuccessfulattempts
at constructingunscaledsubtractive versionsof the model. David Heeger’s help wascrucial to the formulationof this
normalizationrule.
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Figure6.1: Thesubtractive versionof themodelcansupportthedevelopmentof retinotopy, eye-specificlayersegre-
gationandon/off sublayersegregation.Weightmatrix with -¤ÿ�6879$;:�<>= is shown at agesD41 (A), D43 (B), D51 (C),
D58(D), D62 (E).

In combinationwith the unscaledHebbianlearningrule (Eq. 6.3), this subtractive normal-
ization rule waspredictedto generatesimilar convergencebehavior to the canonicalmodel.4 In
addition,themodelusingtheseequationsis tractableto linearanalysisbecausetheweightchange
doesnotexplicitly dependon thepreviousweight.

6.2.1 SimulationResults

I ran somesimulationsusing this “unscaledsubtractive” set of equationsin order to check
the validity of the construction.With the learningrateloweredby a factorof 100 (to

Ñ Ö   �)(�? ),
the simulationsyieldedresultssimilar to the former setof equations(seeFig. 6.1), aspredicted.
The latter setof equationsdescribesan analytically tractableversionof the model that generates
retinotopy, eye-specificlayersandon/off sublayers.

Above this reducedlearningratethe subtractive simulationsdid not robustly displayconver-
gence.The fragile natureof the subtractive versionis possiblydueto hardlimits imposedon the
weightsafter subtractive normalizationto prevent them from increasingbeyond 1 or decreasing
below 0. Large jumpspasttheselimits might introduceunstabledynamicsin the weight change.
Alternatively, the tendency of the subtractive dynamicsto strongly sharpenthe projectioncould
causetheweightconfigurationto becomelockedinto local minimarelatively easily.

4Theremaybesomeempiricalreasonsto favor theoneformulationover theother. For example,someresearchhas
shown thatat leastsometypesof LTPandLTD seemto actmultiplicatively (Turrigianoetal.,1996),but thedynamicsof
synapticchangearestill relatively unknown.
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6.3 Linear Analysis

The dynamicsof this unscaledsubtractive model are tractableto linear analysis. In linear
analysis,thedynamicsof theweightsarerelatedto thepossibleconfigurationsof weights(thearbor
function),thelateralinfluencesin thetargettissue(theneighborhoodfunction),andthecorrelational
structureof theinput patterns.Thetrick is to determinethefastestgrowing patternsin theweights
(via eigenvectoranalysis),andthenextrapolatetheultimateweight pattern(Hausslerandvon der
Malsburg, 1983;Miller, 1990;Miller andMacKay, 1994).

6.3.1 WeightMatrix Eigenmodes

My analyticapproach,guidedby previous analyticwork5, wasto determinethe eigenmodes
of the weight matrix assumingcanonicalretinal activity patternsandintra-LGN interactions(see
AppendixC for an explanationandderivation of theeigenmodes).The eigenmodescanbe inter-
pretedasthe fastestgrowing componentsof any weightmatrix in theunscaledsubtractive model.
Theparticularmodesthatdominatetheeventualprojectionwill dependon relative growth ratesas
well asbiasesandnoisein theinitial projectionandstochasticityin theretinalactivity.

The 25 largesteigenmodes(andgrowth rates/eigenvalues)of the specificdLGN interactions
andretinalactivity patternsusedin theunscaledsubtractive (andcanonical)versionof thecurrent
modelareshown in Figs.6.2and6.3.For purposesof indicatingindividualeigenmodes,I will refer
to themby number(1-25) in decreasingorderof eigenvalue(i.e. left to right, top to bottom).Note
thattheinfluenceof sproutingis ignored.More accurately, it is effectively assumedthateachRGC
arborinitially projectsto all LGN neurons.

Theactionsof someof theeigenmodesarediscussedbelow. It shouldbekeptin mind thatthe
eigenmodesactin parallelduringdevelopment.For example,thecombinedactionof horizontaland
verticalgradients(e.g. Fig. 6.2,6 and7) couldamplify a retinotopicprojectionwithin eachof the
16 sub-projections.

D41: Eye-SpecificLayerSegregation Fig. 6.2shows theeigenmodesduringtheearlypartof
eye-specificlayersegregation,whenthereis nonoisyoff-RGCfiring, theinter-sublayerconnections
aresmall(.1), andtheinter-sublayerconnectionsarelarge(1).

Duringtheperiodof eye-specificlayersegregation,thetwo fastestgrowing eigenmodes(Fig.6.2,
1 and2) stronglydifferentiatethe inputsfrom thetwo eyes. Eigenmode2 directly supportssegre-
gatedprojectionsfrom eacheye to a separatelayer, andEigenmode5 supportsdifferentialgrowth
of weightsto the two layers. Eigenmodes13, 15, 19 and21 will amplify retinotopicprojections,
becausethey selectively amplify weightsalongthediagonalsof eachof the16 sub-quadrants.

5I couldnothave donethis analysiswithoutKenMiller’ s expertiseandgenerousguidance.
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1.000 0.690 0.676 0.412 0.354

0.347 0.236 0.232 0.225 0.211

0.190 0.163 0.160 0.155 0.152

0.119 0.114 0.103 0.097 0.097

0.093 0.070 0.066 0.060 0.059

Figure6.2: The25 fastestgrowing weightpatterns(eigenmodes)duringeye-specificlayersegregation(D41-D55)in
the canonicalmodel. Above eacheigenmodeis its rateof growth, normalizedto make the fastestrateof growth = 1.
Actual fastestgrowth rateis 10000.

D55: On/Off SublayerSegregation Fig. 6.3 shows the eigenmodesduring the early part of
on/off sublayersegregationwhentheoff cellsaredominatedby noisyfiring, theinter-layerconnec-
tionsarezero,andtheinter-sublayerconnectionsaresmall(.1).

ComparingFig. 6.2 to Fig. 6.3, it is apparentthatmany moreof theeigenmodesduringon/off
sublayersegregationselectively influencethe projectionto oneof the two layers. This tendency
towardindependentgrowth is probablydueto thelackof inter-layerconnectionsduringthisperiod.
Thereis alsoa tendency for theeigenmodesto differentiatetheinputsfrom theonandoff-RGCs(4
verticalstripes,quitepronouncedin 2,16and17)dueto theadditionof noisyoff-cell firing. Likethe
eigenmodesduring the periodof eye-specificsegregation,threeof the dominanteigenmodes(1,2
and5) generateeye-specificandlayer-specificprojections. The principle eigenmode(1) directly
supportseye-specificlayer segregation. In contrastto the eigenmodesduring the periodof eye-
specificsegregation,thereareseveraleigenmodesthatdirectlysupportdifferentialprojectionsto the
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1.000 0.661 0.631 0.631 0.500

0.456 0.456 0.417 0.417 0.377

0.361 0.360 0.360 0.305 0.305

0.301 0.301 0.243 0.241 0.238

0.238 0.238 0.238 0.228 0.228

Figure6.3: The25 fastestgrowing weightpatterns(eigenmodes)duringon/off sublayersegregation(D55-D62)in the
canonicalmodel.Above eacheigenmodeis its rateof growth, normalizedto make thefastestrateof growth = 1. Actual
fastestgrowth rateis 500.

innerandoutersublayersfrom thetwo eyes(6 and7) andtheon/off cells(16and17). Presumably
the differentialgrowth betweenthe sublayersarisesbecausethe inter-sublayerweightsareweak
duringthis period. Theeigenmodesthatsupportretinotopy during this periodare(20, 21, 24, and
25).

6.4 Summary

An unscaledsubtractive versionof themodelis presented.This versionfollows looselyfrom
previous analyticwork, convergesappropriatelyin simulations,andis tractableto the typeof lin-
earanalysisthathaspreviously beenappliedto similar models.Linearanalysisdemonstratesthat
someof the fastestgrowing weightpatternsfrom D42-D55supporteye specificlayersegregation
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andretinotopy. FromD55-D62someof thefastestgrowing patternsenforcetheeye-specificlayer
segregation,thesegregationof inputsto thesublayers,andthedifferentialgrowth of inputsfrom the
on-andoff-RGCs.

Thisanalysisof themodeldynamicsis usefulbecauseits helpsformalizeintuitive understand-
ingsof themodelmechanisms.All of themajorstructuresthataresupportedby thecurrentmodel
(eye-specificlayers,on-off sublayers,andretinotopy) arisebecauseof thespecificmechanismsand
assumptionsof themodel. Theseanalysesindicatethat thespecificassumptionsaboutintra-LGN
interactions,Hebbianlearning,and the realistic patternsof retinal activity will tend to amplify
thesepatterns.The otherimplementationaldetailsareprobablybestviewed asproviding biolog-
ical realismandan environmentthat preventsspuriouspatterns(“local minima”) from becoming
entrenched,allowing thedominanteigenmodesto shapetheglobalorderof theprojection.



Chapter 7

Previous Models

Self-organizingmaps,andtheirrelevancetoneuralcircuit formation,havebeenexploredin avariety
of modelssincethe1970s.They have beenappliedto diversesystemsincluding thedevelopment
of retinotopy in thetectum,theorganizationof dermaltopographicmaps,thesegregationof groups
of sensoryinputs,andthecoordinationbetweenoverlaidmaps(e.g. oculardominance,retinotopy,
and orientationselectivity). Becausetherehave beenseveral extensive reviews of thesemodels
publishedrecently(Swindale,1996;Erwin et al., 1995; Eglen,1997)this review will cover only
a handfulof the most relevant previous models. Notably this review will not cover modelsthat
concentrateon the role of trophic factorsin activity dependentrefinement(Whitelaw andCowan,
1981;vonderMalsburg andWillshaw, 1977),becausetrophicfactorsareonly incorporatedinto the
currentframework assimplebiasestowardspecificfinal configurations.

Thedetailsof themodelsdiffer substantially, but they all highlightthebasicprinciplethatlocal
interactionscansupportthedevelopmentof globalorder.

7.1 General

7.1.1 Willshawandvonder Malsburg

The original startingpoint for the presentmodelwasthe modeldevelopedby Willshaw and
vonderMalsburg in 1976. They developedasimplemodelwith center-surroundlateralinteractions
thatdevelopsretinotopy basedon spatiallycorrelatedinputs.Their modeldiffers in severalcrucial
respectsfrom thecurrentmodel: it doesnot encompasslayersegregation,it usesabstractinputs,it
usesa non-linearmodelof LGN receptive fields,andit assumesthat inhibitory lateralinteractions
arepresentin thedLGN.

Thismodelpioneeredexplorationsinto self-organizingmaps.Thepointof its developmentwas
to formalizeunderstandingsof thedevelopmentof topography, a problemmadesalientby work on
growth, regeneration,andre-organizationin theretinotectalprojectionin frogs,goldfish,andchicks

87
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(seeFawcett,1993for review). Their work provideda non-trivial andpowerful demonstrationthat
local connectionscanbring aboutglobal order. While they werenot concernedwith segregation
of inputs,themodelprinciplescanbeinterpretedto includesegregationof inputsasa specialcase.
That is, segregation of inputs is essentiallythe topographicmappingappropriatefor inputswith
dominantgroupsin thecorrelationalstructure.

Their model simulatedvisual inputs as clustersof co-activatedRGCs. Becausethey were
randomlyplaced,the inputsgeneratedspatiallygradedcorrelationsbetweenmodel retinal cells.
While theseinputslack many of thedetailsof retinalwaves,their correlationalstructureis similar
to thecorrelationalstructureof thewavesin asinglepatchof RGCsin thecurrentmodel.

Their model instantiatesactivity in the tectumasa membranepotentialthat, above a given
threshold,supportsthegenerationof actionpotentials.Thetectalpotentialsareiteratively updated
with thelateralfeedbackfrom theothertectalcellsuntil theactivity settlesto a steadystate,analo-
gousto dLGN updatein thecurrentmodel. Theexplicit inclusionof actionpotentialsmakestheir
modelLGN activity moredirectly interpretablethanthecurrentmodel,unfortunatelyit alsointro-
ducesnon-linearbehavior. This makesthecomputationof LGN activity bothmoredemandingand
harderto addressanalytically.

To my knowledge,Willshaw andvonderMalsburg werethefirst self-organizingmapmodelers
to assumea center-surround(short-rangeexcitatory, long-rangeinhibitory) neighborhoodfunction
in thetectum.Thisneighborhoodfunction,in conjunctionwith thethresholdmodelof activity, tends
to generatea“bubble”of activity aroundtheareaof themapwith thestrongestsynapticconnections
from theretinalregionwithin theactivity cluster. Theformationof only onebubbleperinputpattern
arisesbecausecellsthatreacha firing thresholdfirst (i.e. becauseof strongsynapticinputs)inhibit
the activation of distantcells in the map throughtheir long-rangeinhibitory connections.This
processplaysacentralrole in therobustdevelopmentof globalorder, insuringthatonly onepartof
thetectum“represents”agivenareaof retinaandthattectalneighbors(tectalneuronsin thebubble)
connectto co-active (i.e.neighboring)areasof theretina.

Becauseit supportsrobust convergence,long-rangeinhibition hasbeena standardassump-
tion (eitherexplicit, asin neighborhoodfunctions,or implicit, asin activity bubbles)in mostself-
organizingmodels(seeSwindale,1996for review). Oneof themajorgoalsof thecurrentmodelwas
to exploremodelsthatdo notassumethepresenceof long-rangeinhibition duringmaprefinement,
becausethis inhibition is largely absentduring early developmentin the retinogeniculatesystem
(seeSec.3.4.1).

7.1.2 Kohonen

Becauseit is computationallyefficient, convergesrobustly, andcapturessomeof theessential
dynamicsof self-organizingprocesses,Kohonen’s self-organizingfeaturemap(SOFM)algorithm
hasbeenwidely usedin bothneuralmodelsandengineeringapplications(Kohonen,1995).It is the
mostextensively usedandanalyzedof theself-organizingmapalgorithms.
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The SOFM approach(Kohonen,1993)canbe understoodasan abstractionof Willshaw and
von derMahlburg’s model(1976). The SOFMalgorithmexplicitly calculatestheoutputunit that
receivesthe strongestconnectionsfrom the given input, generatesan activity bubblesurrounding
thatoutputunit (asanapproximationto thebubblethatarisesfromthedynamicsof lateralfeedback),
andthenadjuststhesynapticweightssoasto increasethestrengthof connectionsfrom theneurons
in theactivity bubbleto theactive inputs. TheSOFMalgorithmassumesa non-localwinner-take-
all mechanism,usuallytaken to arisefrom center-surroundlateralinteractionsin the target tissue.
This approachshort-cutsthecalculationof theactivity bubbleandlow-level Hebbianlearning,and
concentrateson theeffective dynamicsin theWillshaw andvon derMalsburg model.

Kohonen’s modelis moregeneralthanWillshaw andvon derMalsburg’s modelin thesense
that it is extensibleto applicationswherea high-dimensionalinput spaceis collapsedontoa lower
dimensionalrepresentationalspace— e.g.therepresentationof orientationselectivity, oculardom-
inance,and2-d retinotopy on the2-d sheetof primaryvisual cortex. This featurelinks themodel
closelyto vectorquantizationandrelatedengineeringandstatisticalapplications(seeHaykin,1994;
Kohonen,1995for review).

Theconvergenceof thealgorithmto agloballyorderedmapis greatlyincreasedby decreasing
the learningrateover development(often by several ordersof magnitude)andby usinga neigh-
borhoodfunction that startsoff very large (often covering the entiretarget map)andshrinksover
development. Sharpnessin the eventualmap is ensuredby shrinking the neighborhoodfunction
(i.e. the activity bubble) down to only one excitatory neuronin the final stages.The shrinking
neighborhoodfunctioncanresultfrom thegrowth of lateralinhibition, which sharpenstheactivity
bubble.Becauselateralinhibition in theLGN increasesover thetime-courseof afferentsegregation
(Sec.3.4.1),this typeof inhibition drivensharpeningcouldcomplementthemechanismsthatsup-
port thesharpeningof lateralinteractionsin thepresentmodel.Sharpeningin thecurrentmodelis
supportedby physiologicalchangesin themembraneresponseof LGN relaycells(seeFig. 4.6).

7.2 LGN SpecificModels

Threemodelsof developmentin theretinogeniculatesystemhavebeensuggested(Eglen,1997;
Keesinget al., 1992;LeeandWong,1996).Thesemodelsareall concernedwith detailsspecificto
theretinogeniculatesystem,andeachhighlightsdifferentaspectsof thesystem.

7.2.1 KeesingandStork

Keesinget. al. (1992)proposedthefirst specificmodelof retinogeniculaterefinement.Their
modelwasdevelopedsoonafterthefirst reportsof theretinalwaveswerepublished,andtheirmodel
usessimulatedwavesasinputs. In their model,two retinastrips(each1x10neurons)projectto a
sheetof LGN tissueseveral neurontall/deep(8x50). The modelassumesno lateral interactions
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in theLGN — theauthorsnotethe lack of lateralinhibition duringbiologicaldevelopment.Self-
organizationis supportedby axonalsproutingandretraction,similar to thecurrentmodel.

Givenaninitial biastowardretinotopy andaparticularlayerconfiguration(i.e. thecontralateral
eye growing in first andpenetratingdeeper),the modeldevelopsboth retinotopy andeye-specific
layersegregation.With no initial biases,themodelformsalternatingdomains,akin to oculardomi-
nancecolumns,ratherthanlayers.Their modelis anelegantdemonstrationof thepower of sprout-
ing andretractionprocessesin supportingthedevelopmentof topology.

Thoughthe model is not analyzedin detail, it provides an importantdemonstrationof the
ability of a modelwith minimal assumptionsandwave-like inputsto form two of themoststriking
featuresof theretinogeniculateprojection:retinotopy andeye-specificlayersegregation.Themodel
doesnotdealwith on/off sublayerformation,nordoesit incorporateintra-dLGNinteractions.

7.2.2 Eglen

Eglen’s work (1997)providessomein depthexplorationof Keesinget. al.’smodelframework
aswell asanelegantapplicationof theSOFMalgorithmto theretinogeniculateprojection.

ModelI. Eglen’sfirst modelis thesameasthatof KeesingandStork’smodel.Hemodelsthe
projectionof two 1-d stripsof RGCsto 8 1-d LGN stripsstacked on top of oneanotherto create
layers/columns.Themodelprojectstwo 1-dimensionalretinasto a 2-dimensionalLGN. Theshape
of theretinalarboralongthedepthof theLGN is importantin themodelbecauseit is interpretedasa
columnarstructure.For example,Eglenfindsthataxonalsproutingcansupportthedevelopmentof
repeatedandalignedretinotopicmapsin eachlayerof theLGN. Thisarrangementnicelymodelsthe
biologicalobservationthatRGCaxonsarborizein columnsin theLGN, or similarly thatarecording
trackperpendicularto thelayerswill tendto remaincenteredon thesamepoint in thevisualfield.

As in KeesingandStork’s model,Eglenassumesthat thereareno direct interactionsbetween
dLGN cellsduringdevelopment,rathertheclusteringof like inputsis accomplishedsolelythrough
sproutingandretractionprocesses.Theextent of sproutingdecreasesover thecourseof develop-
ment,eventuallydisappearing~ � � � of theway througheachsimulation.

Inputs. OnenotabledifferencebetweenEglen’smodelandthecurrentmodelis thatEglengener-
atesnegative within-eye correlationsin his modelbecausehis simulatedwavesarenarrow relative
to the strip size(1:50), andhave wave-frontsthat areorientedperpendicularto the retinal strips.
This arrangementensuresthatRGCsat oppositeendsof a retinalstriparenever co-active,andasa
resultarenegatively correlated(seeSecs.4.3.2and5.5). This featureof theretinalactivity should
make it unrealisticallyhardfor Eglen’s modelto develop layersegregation. Thesuccessfulsegre-
gationof layersin spiteof thesenegative correlationstestifiesto the strengthof the mechanisms
thatsupportlayersegregationin themodel. This situationis similar to thesimulationsof multiple
retinaldomainsin my model(seeSec.5.5).
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Initialization. Eglen’smodelassumesadiffuseinitial projection,wheremeanreceptive field size
is very large early in developmentand then shrinksdown to a localizedspot. Thereare some
versionsthatusemorerestrictedretinalarbors(namelyto imposeaningrowth biastowardretinotopy
andlayersegregation),but theneuronsarealmostfully connectedat initialization. Thisassumption
is not justified in theretinogeniculateprojection(seeSec.3.3.3),but is probablynot necessaryfor
convergencein Eglen’s modelbecausethesproutingmechanismsthatsupportconstantarborwidth
in thecurrentmodelarepresentin Eglen’s modelaswell.

Weight Update and Normalization The modelusespre- andpost-synapticnormalizationand
a covarianceupdatingrule wherethe weight updateis proportionalto the activity levels minusa
constant.In theterminologyof thecurrentmodel,Eglen’s synapticweightupdateequationis:

� � � �/����@ £ � � �=� ¬BAbª £ � � ��� ¬DCbª
(7.1)

wherethesynapticweightchange(
� � � �/���

) is theproductof thegeniculateactivity minusaconstant
(
� � �=� ¬EA

) and the retinal activity minusa constant( � � ��� ¬FC
). In contrast,the Hebbianlearning

rule usedin the currentmodelusesthe simpleproductof the pre- andpost-synapticnormaliza-
tion (Eq. 4.4) to updatethesynapticweights. Eglenexplorestheeffectsof differenttypesof nor-
malizationin depth. He investigatesthe different behavior of the subtractive and multiplicative
normalizationrules,finding thatthemultiplicative normalizationrule supportsbothretinotopy and
eye-segregationmosteffectively. He alsofinds that normalizingonly over the pre-synapticcells
resultsin morerobust developmentof retinotopy andlayer segregation,a resultthat is not true in
thecurrentmodel(seeSec.5.10.2).

In the caseof mostly silent inputs,Eglenfinds that his simulationtendstowardsa homoge-
neousprojectionwherethereis little sharpeningby input type or receptive field. This tendency
arisesbecause,duringsilentperiods,thecovariancerule increasesall theweightsnon-specifically.
Eglencounteractsthis tendency by enforcingweightchangeonly whenthepre-synapticactivities
areabove a certainvalue(“active covariance”).Usingthis weightupdaterule thebetweeneye cor-
relationsareeffectivelynegative, becausethe timeswhenboth retinasaresilent are ignored(see
AppendixD).

Eglenalso exploresmodelsof monocularenucleationin which the treatedeye’s projection
shrinksandthe non-enucleatedeye’s projectionexpands.Using only pre-synapticnormalization,
he is ableto achieve compressionof thesparedeye’s projectionto a smallnumberof dLGN relay
cells, with correspondingexpansionof the sparedeye’s projection. With a relaxed pre-synaptic
normalizationrule (similar to thecappednormalizationrule usedin my model,Sec.4.3.7),Eglen’s
modelis ableto simulatecompletedominanceof all dLGN relaycellsby thesparedeye’safferents.

On/Off Segregation Eglenexplorestheability of his modelto simulatethesegregationof on/off
sublayersaswell. He simulatesthedifferentiatedon/off activity duringthethird postnatalweekby
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interpretinghis retinal stripsasalternatingon andoff-centerRGCs(anassumptionthat is closely
analogousto theuseof two patchesin my model). He demonstratesthat the modelis capableof
supportingthesegregationof inputsto individual dLGN relaycellsbut not to entiresublayers.The
failure of on/off sublayersegregation is especiallystriking becausethe form of simulatedon/off
wave activity providesanunrealisticbiastowardon/off afferentsegregation. In Eglen’s modelthe
off-cell firing ratesareassumedto increasethroughtheintroductionof off-RGC specificwavesin-
steadof off-RGCspecificnoise,asin thecurrentmodel.Consequently, theoff-off RGCcorrelations
in the modelstayunrealisticallyhigh. This high correlationshouldprovide strongsupportto the
clusteringof off-RGCafferentsandsublayerformationrelative to thenoisyoff-RGCinputsusedin
thecurrentmodel.

In order for his model to supportthe emergenceof on/off specificcells, the on/off inputs
mustbenegatively correlated(which,asEglennotes,is not trueof theobservedwaves,Wongand
Oakley, 1996).With lessnegatively correlatedon/off activity (in fact,theon/off cellsarepositively
correlated,Fig. 4.5) themodeldoesnot supporttheemergenceof on/off specificcells. Noting that
realisticon/off activity doessupporttheemergenceof on/off specificcellsin a previousmodel(see
Sec.7.2.3),Eglensuggeststhatthis failuremightbespecificallycausedby theuseof thecovariance
rule,but hedoesnotprovide amoredetailedanalysis.

Eglenidentifiesseveralpotentialreasonsthaton/off segregationis notrobustlysupportedin his
model.A likely influenceis thathedoesnot biastheon or off-cells to projectto a certainsublayer.
Biasesarefound to be necessaryto layer segregation in his modelandarefound to help support
on/off sublayersegregationin my model(seeSec.5.8). Eglenalsonotesthatthereis no significant
developmentof on/off specificityin individual cells until sproutinghasceased( ~ D55). This fact
makessublayersegregationdifficult if not impossibleto achieve in his model,becausethereis no
meansby which post-synapticcells of like type (i.e. on or off-centerresponsive) would tendto
clusterin layers. Eglensuggeststhat sproutingmay underminedLGN cell specificitybecauseit
tendsto reinforcethepre-synapticcell’s synapticweightsto post-synapticcellsirrespective of their
on or off-centerresponsivity. Anotherpossiblefactor is that Eglenusesunscaledweight update
andmultiplicative normalization.Undertheseconditionshis modelprojectionwill not tendnot to
sharpen(Miller andMacKay, 1994).This tendency might helpexplain why thepost-synapticcells
in hismodelareonly ableto sharpentheiron/off specificityaftertheblurring influenceof sprouting
is removed.However, bothnon-specificsproutingandthetendency towarddiffuseprojectionsalso
applyto eye-specificsegregationwhich is robustly supportedby themodel(evenwithout theuseof
biases).Sothereareprobablyotherinfluencesthathaven’t beenconsidered.

Relevanceto Curr entModel. Althoughtherearesomeunresolveddiscrepanciesbetweenthetwo
models,Eglen’ssimulationresultscanprovidesomeinsightinto theimportantaspectsof thecurrent
model.Eglen’s model,like theoriginal KeesingandStorkmodel,highlightsthefactthatsprouting
andretractionprocessessupportthe developmentof retinotopy andeye-specificlayer segregation
independentof othermechanisms.Theseresultsaddweight to theconclusionthat theintra-dLGN
spreadof excitationin my modelis at leastpartially redundantwith sprouting(Sec.5.6.2).
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Thereare several discrepanciesbetweenthe behavior of the two modelsthat help to high-
light thedifferentmechanismsandassumptionsin thetwo models.WhereasEglenfindsthatpost-
synapticnormalizationis redundantwith pre-synapticnormalization,in thecurrentmodelbothpre-
andpost-synapticnormalizationarenecessary(Sec.5.10). This differencebetweenthe behavior
of the two modelsis dueto the differencein their learningrules,andin their inputs. The covari-
ancerule canindependentlyprovide somepost-synapticnormalization,especiallyin thepresence
of mexicanhatspatialcorrelationsamongtheinputs,like thosepresentin Eglen’s model(Fig. 5.8,
Eglen,1997).

Thepost-synapticnormalizationtendency of thecovarianceruleevenwith uncorrelatedinputs
is illustratedin Figs. 7.1 and7.2. Assumingthat the projectionsstartoff with a maximally con-
centrated“pathological”projection,theseexamplesexploretheability of theprojectionto develop
toward a moredistributed/normalized state. Fig. 7.1 demonstratesthat a projectionin which the
synapticweightsareconcentratedin a singlepre-synapticcell will remainconcentratedin thatcell
in theabsenceof pre-synapticnormalization.On the otherhand,Fig. 7.2 shows that a projection
in which all thesynapticweightsareconcentratedin a singlepost-synapticcell will tendto spread
synapticweight to the otherpost-synapticcells, even in the absenceof post-synapticnormaliza-
tion. Thecovariancerule implicitly providesanormalizationmechanismthatis partially redundant
with post-synapticnormalization(seeMiller, 1996 for discussionof the normalizationeffectsof
thecovariancerule). This featureof thecovariancerule explainswhy Eglenwasableto eliminate
post-synapticnormalizationin his modelwith no ill-effects. In contrast,the productrule usedin
the currentmodelhasno mechanismfor decreasinga synapticweight asidefrom normalization
inducedsynapticcompetition.As a resulttheproductrule is not robust to theabsenceof eitherpre
or post-synapticnormalization(seeSec.5.10andSec.4.3.7).

Eglenalsofinds that subtractive normalizationdoesnot supportthe developmentof smooth
retinotopy, but it canin thecurrentmodel(seeSec.6.2.1andFig. 6.1). Mechanismsin thecurrent
modellike theasymmetriclateralweightsandsproutingandperhapsthedetailsof thewavescould
contribute to thesediscrepanciesin our results.

The failure of Eglen’s modelto supporton/off cell andsublayersegregationalsocould have
multiple causes.Given that asymmetriesin sproutingand lateral intra-dLGN influenceare cru-
cial to sublayersegregation in the currentmodel(seeSec.5.9 andFig. 5.13), the lack of similar
asymmetriesin Eglen’s modelcanhelpexplain thefailureof his modelto supporton/off sublayer
segregation. As suggestedby Eglen,the lack of a biastoward sublayersegregationcanalsohelp
explain themodel’s failureto form sublayers.Resultsfrom thecurrentmodelsuggestthatbiasesdo
helpsupportsublayersegregation(Sec.5.8).

The ability of Eglen’s model to form eye-specificlayerswithout asymmetricsproutingcon-
trastswith the failure of my model to develop eye-specificlayersunderthe sameconditions(see
Sec.5.9andFig. 5.13).Thesourceof thisdiscrepancy is notclearto me.It is possiblethatdifferent
instantiationsof sproutingandlayersin the two modelsis responsiblefor the discrepancy in the
results.Sprouting(the“growth rule”) is instantiatedin Eglen’s modelby increasinga givenweight
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Figure7.1: In conjunctionwith thecovariancerule, post-synapticnormalizationcannotensurethata projectionwill
not concentrateall its strengthin one input cell. The 2x2 grids (C-D) areweight matriceswith an analogousformat
usedfor the resultsin this paper(seeFig. 5.2A). The entriesdescribethe changein that synapticweight, where“+”
denotesincrease,“ H ” denotesdecrease,and “0” denotesno change. The calculationof thesechangesassumesthat
a post-synapticcell will be active if it receivesa connectionfrom an active pre-synapticcell, and inactive otherwise.
(A) An initial projectionwith thesynapticweightsconcentratedin oneinput cell, (B) The four possible(binary) input
activities where1 meanstheinput cell is active and0 meansit is inactive, (C) Theweightchangecausedby eachinput
patternunderthecovariancerule,(D) Theeffective weightchangeafterpost-synapticnormalizationis enforced,(E) The
updatedprojectionin whichall of thesynapticweightremainsconcentratedin oneinputcell. Notethat(E) assumesthat
theinitial weightsarepinnedat their extremelimits, sothata synapticweightchangein thedirectionof thelimit hasno
effect,while a synapticweightchangeaway from thelimit doeshave aneffect.
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Figure7.2: In conjunctionwith the covariancerule, pre-synapticnormalizationcanensurethata projectionwill not
concentrateall its strengthin oneoutputcell. The2x2 grids (C-D) areweightmatriceswith ananalogousformatused
for theresultsin this paper(seeFig. 5.2A). Theentriesdescribethechangein thatsynapticweight,where“+” denotes
increase,“ H ” denotesdecrease,and “0” denotesno change. The calculationof thesechangesassumesthat a post-
synapticcell will be active if it receivesa connectionfrom an active pre-synapticcell, andinactive otherwise.(A) An
initial projectionwith thesynapticweightsconcentratedin oneoutputcell, (B) Thefour possible(binary)inputactivities
where1 meansthe input cell is active and0 meansit is inactive, (C) The weight changecausedby eachinput pattern
underthecovariancerule,(D) Theeffective weightchangeafterpre-synapticnormalizationis enforced,(E) Theupdated
projectionin theinitially isolatedpost-synapticcell receivessomeinputs. Notethat (E) assumesthat the initial weights
arepinnedat their extremelimits, so that a synapticweight changein the directionof the limit hasno effect, while a
synapticweightchangeaway from thelimit doeshaveaneffect. Underthisassumption,thetwo caseswhereoneinput is
active andtheotheris not will tendto increasethezeroweights,but will not increasethepre-existing weights.
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by thescaledandsummedweightof 4-15of its nearestneighbors.This processis executedprob-
abilistically on 1% of theiterations.Theprobabilisticnatureof thesproutingprocessaswell asits
limited extentmaydiscouragethereplicationof RGCaxonalarborsin adjacentsublayersasseenin
my model(Fig. 5.13).

Model II: SOFM. Eglendevelopeda secondmodel that is an elegantdemonstrationof the
possibleimportanceof theshapeof thedLGN on layerformation.ThismodelusesaSOFMmodel
thatmapsocularityandretinotopy ontoa 3 dimensionalblock of dLGN relaycells. Theapproach
is to model the responseof dLGN relay cells to abstractinput features(i.e. ocularity andRGC
position)ratherthanto actualinputs(i.e. vectorsof activationsacrosspopulationsof RGCs).Eglen
finds that the organizationof the projectionto the block is determinedby the dimensionsof the
block in conjunctionwith thevarianceof theocularityandretinotopy features.Thelowestvariance
feature(i.e. ocularity)will tendto organizealongtheshortestaxis,while highvariancefeatures(i.e.
retinotopy) will tendto organizedalongthe longestaxis. In someregionsof theparameterspace,
thismodelproducesresultsthatcloselymatchfeaturesof theobservedstructures.

This approachis clever andparsimonious,asit canform layersandretinotopicmapswith no
initial bias,andusestheshapeof theLGN itself to helpshapetheretinogeniculateprojection.The
majordisadvantageof this approachis that themodelis harderto maponto thebiologicalsystem
thanlessabstractmodels(like hisfirst modelandthecurrentmodel).

7.2.3 LeeandWong

Lee and Wong (1996) have developeda simple model that demonstratesthat, undersome
conditions,theactivity presentduringon/off sublayersegregationcansupportthedevelopmentof
on or off- selectivity in a single post-synapticcell. The model is initialized with a single post-
synapticcell receiving inputsfrom a groupof on andoff-centerRGCs.TheRGCactivity patterns
aremodeledon the in vitro recordings(andthecomputedspatialcorrelations)of thespontaneous
activity in the retinaduring on/off segregation. The synapsesare thenupdatedwith a variantof
the covariancerule, in which the raw post-synapticactivity is used(

� � � @ � £ � � ¬ æ � ª
). They

find that the post-synapticcell candevelop eitheron or off selectivity, dependingon the specific
parameter(

æ �
) usedin the weight updateequation(Miller, 1997a). This modelwasan important

demonstrationthat thecorrelationsbetweenRGCsduringon/off sublayersegregationarecapable
of supportingspecificityof connectionsto individual post-synapticcells.

Comparisonof LeeandWong’s Ruleto a CovarianceRule. This resultis aninterestingcon-
trastto Eglen’s finding that, in therealisticcaseof positive correlationsbetweenon andoff-center
cells, his covariancerule did not robustly supportspecificity of connectivity to individual post-
synapticneurons.The differencesbetweenthe Lee andWong’s rule and the covariancerule are
probablythecauseof thesediscrepancies.
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Thecovariancerule andLeeandWong’s rule aremostdifferentin theway they treatperiods
whenthepost-synapticcell is silent. In LeeandWong’srulethereis nosynapticchangein thiscase,
in thecovariancerule thereis oftenstrongpositive synapticchange(i.e. whenthepre-synapticcell
is silentaswell). BecausetheRGCsaresilent for thevastmajority of the time duringthis period,
refinementunderthe covariancerule tendsto be swampedby non-specificweight growth — pre-
ventingspecificityof connections.In contrast,LeeandWong’s ruleessentiallyignoresilentperiods
andthusrefineunderthe influenceof inputsthatareeffectively anti-correlated(seeAppendixD).
The importanceof discountingthe silent periodsis highlightedby Eglen’s finding that an “active
covariance”rule (which ignoresall instanceswherethe input activity is below a given threshold)
improveshis model’s convergenceto specificityin dLGN cell connectivity.



Chapter 8

Discussion

8.1 Biological Value of the Model

The retinogeniculateprojectionis an ideal systemfor studyingactivity-dependentneuralde-
velopment.As theprimaryvisualpathway to thecortex, it is well-studied,andit developscomplex
stereotypicalstructuresunderthe influenceof striking spontaneousactivity. Becauseour knowl-
edgeof thesystemis highly detailed,amodelcanbehighly constrainedandcanmakestepstoward
exploring thehierarchyof candidatemechanismsfor supportingactivity-dependentrefinement.

This is thefirst modelof the retinogeniculatesystemto capturetheactivity-dependentdevel-
opmentof eye-specificlayers,on/off sublayers,andretinotopicrefinementin a unifiedframework.
Themodelis both biologically interpretableandanalyticallytractable.It usesrealisticretinalac-
tivity and biologically motivatedand detailedassumptionsabout the mechanismsthat might be
responsible.In addition,the modeldetailsarecloselymatchedto anatomical,physiological,and
biophysicalobservationsof theretinogeniculatesystemandits development.Thisfidelity to biolog-
ical detail,in combinationwith thephrasingof themodelin termsof concretespatialandtemporal
scales,make the modelbiologically interpretableandpredictive. The analyticwork presentedin
this thesisaddspower to the modelasan exploratory tool. For example,the dLGN updatecan
beunderstoodin termsof imageprocessingandmembranebiophysics,andusingeigenmodeanal-
ysis the developmentaldynamicscan be partially explored without resortingto computationally
intensive simulations.Hopefully, themodelwill provide a framework for developingandexploring
intuitionsaboutactivity-dependentrefinementin this system,aswell asmakingpredictionsabout
futureexperiments.

Of course,activity-dependentrefinementisnotlimited to theretinogeniculateprojection.How-
ever, becauseit is relatively well constrained,theretinogeniculateprojectioncanprovide a means
to understandthe interactionsbetweenactivity-dependentmechanisms,and in combinationwith
detailedmodels,canhelp establishtheappropriatescaleof someof thegenericmechanismssup-
portingactivity-dependentrefinement.

98
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8.2 Activity-DependentDevelopmentalStrategies

Retinogeniculatedevelopmentcanalsoprovidesomeinsightinto generaldevelopmentalstrate-
gies,helpingto broadenourunderstandingof learningandits rolein development.Statedin psycho-
logical terms,mostlearningpresumablyhappensduringexperiencewith theworld, andis learning
“about” theworld throughthesensorysystems.Theactivity-dependentchangein earlyretinogenic-
ulatedevelopmentis alsothroughsensorychannels,andlikely takesadvantageof someof thesame
biophysicalmechanismsof synapticchangeusedin experientiallearning(e.g.LTP).

The intriguing aspectof this systemis that the “sensory”input is generatedby the organism
itself, ratherthantheenvironment.Becausetheamountof geneticallycodedinformationneededto
generatetheretinalwavesis probablylessthanthatneededto specifytheexactsynapticwiring of
the retinogeniculateprojection,the organismcanmoreefficiently generatepreciseneuralcircuits
with relatively economicalspontaneousactivity andsomestocklearningmechanisms.By generat-
ing activity, theorganismonly hasto explicitly specifycoarsefeaturesof theprojection.

Thisdevelopmentalstrategy appearsto bequitegeneral.Thegenerationof spontaneousretinal
activity in earlydevelopmentis commonto vertebrates(SernagorandGrzywacz,1996).In addition,
thefindingsof spatiotemporallypatternedspontaneousactivity in theauditorysystem(Lippe,1994)
andthesomatosensorysystem(O’Donovan,1994)suggestthatthisstrategy maybeusedin different
sensorysystems(CookandBecker, 1990).

8.2.1 ConstrainedExperience

Perhapsour understandingof learningcanalsohelp broadenour understandingof activity-
dependentdevelopment.Developmentaltheoristshave postulatedthat thesequenceof experience
is crucialto thesuccessfullearningof complex domains.Surprisingly, limitationscanplayacrucial
role in providing appropriatesequences,meaningthataperiodof highly limited immaturefunction-
ing in earlylife canbenecessaryto achieving competencein anadult.Theimportanceof limitations
hasbeencalledthe“Lessis More” (Newport,1990)andthe“StartingSmall” (Elman,1993)princi-
ple. Thevalidity of thisprinciplehasbeendemonstratedcomputationallyin thecontext of language
learning(Newport,1990;Goldowsky andNewport,1993;Elman,1993).

The trick is that, in somesituations,limitations cansimplify a domainwhile still preserving
someusefulelementsof the full complex domain— essentiallyperformingtaskdecomposition.
This decompositioncanmake a complex tasktractablebecauseeachsubtaskis relatively easy, and
oncemastered,contributesto learningandmasteringthecompletetask.This principlealsoapplies
to a sequenceof gradually lesseninglimitations. Like a good teacher, a sequenceof gradually
lesseninglimitations can tailor the complexity of the task to the competenceof the learner. For
example,Turkewitz andKenny (1982)suggestthattheprogrammaticandstaggeredonsetof sensory
function (cutaneous,vestibular, olfactory, auditory, thenvisual) could serve to supportsuccessful
sensoryintegration.Their ideais thatthesensationsgiveagraduallyincreasinglevel of acuity, such
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thatexperienceis coarsegrainedat first andfinely detailedonly later. In termsof thecat’s visual
development,they suggestthatdelayedandgradualeye-opening,thepooracuity, andthelackof the
ability to focusat differentdistancesseenin thenewborncouldserve to highlight outlines,shapes
andcanonicalobjectsizes.As vision develops,moredetailedinformationaboutform andinternal
detailsareslowly integratedinto thesimpleinitial experientialframework.

An interestingthoughtexperimentis to pushthis sequenceevenearlierin developmentwhen,
presumably, even moresimplified experienceis optimal for learning. The newborn kitten’s pho-
toreceptorsarefunctionalby D70,but thekitten doesn’t openits eyesuntil J D75. Giventhatlight
penetratesthe lids of theeyes(seeSec.3.3.7),somepatterninformationreachesthe retinaduring
thisperiod.Of course,thepatternmightbenomorethanonesideof theretinareceiving morelight
thantheotherside(i.e. whena bodypartially occludesa light source).1 Evena patternthis simple
carriesinformationaboutfuturevisualexperiencebecausecells in thesamepartof thetwo retinas
will tendto beco-active whenexposedto suchpatterns,asthey will in maturevisualexperience.In
addition,motionin theworld will causeshifting shadows to becaston bothretinasin mannerpar-
allel with visualexperienceaftereye opening.Perhapsthis highly filteredearlyexperiencebuilds
a setof circuits/competenciesthatareusefulfor parsingandusingmoredetailedvisualexperience
laterin life.

8.2.2 Self-InducedExperience

Following the “Starting Small” principle, activity that is even moresimple thanfiltered ex-
periencecould play a usefulrole. In somecasessuchsimplifiedactivity canbe producedsponta-
neously. For example,evenmorebasicthanthe“lesson”of co-activity betweentheeyes,is thefact
thatnearbycells in a givenretinawill tendto beco-active duringvisualexperience.While experi-
encewith theworld doesnot produceactivity this simple(in isolationfrom co-activity in theother
eye), thespontaneouswave activity discussedin this thesisdoesexposetheorganismto this spa-
tiotemporallycorrelatedcharacteristicof visualexperience.Thespontaneousactivity canbeseenas
extendingtheprogrammaticsequenceof experiencebackinto pre-experientialdevelopment.In this
view, intrinsically generatedactivity capturessomeextremelybasicfeaturesof visual experience
andessentiallyprimesthevisualsystemfor theexperiencesto come.

Viewedfrom this perspective, thewavesmayhave influencewell beyondthesegregationand
topographicorganizationof retinalafferents.Heightenedattentionto motionhasbeendocumented
in humaninfants(NelsonandHorowitz, 1987;Burnham,1987;Haith, 1966)andprobablyserves
to focusthe newborn on animateobjectsandsocial interactions.Sucha biastowardsmovement
couldbesupportedby pre-visualexperiencewith “moving” wave stimuli. To theextent thatsuch
anattentionalbiastowardmoving objectswassupportedby wave activity, it would presumablybe
tunedto thesizeandspeedof thewaves.If this reasoningis correct,thenaspecificandpredictable

1The readercansimply passtheir handspasttheir closedeyeswhile facinga bright sceneor a light sourceto geta
roughsenseof visual input throughtheeyelids.
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attentionalbiastoward certaintypesof motion would be presentin ferretsandcatsat the time of
eye-opening. To my knowledge,an attentionalbias toward motion hasnot beeninvestigatedin
neonatalferretsor cats.

8.3 UnaddressedIssues

The domainof this model is highly restricted,consequentlyit ignoressomepotentialinflu-
enceson retinogeniculatedevelopment.The following sectiondiscussessomeimportantfeatures
of biologicaldevelopmentthatarenot explicitly modeled,andwhich shouldbetaken into account
wheninterpretingthemodel. This discussioncanalsobereadasanoutlineof someusefulfuture
directionsin which to expandthemodel.

8.3.1 Feedback Circuits

Thecurrentmodeldoesnot incorporateany feedbackconnectionsto thedLGN. Only 10%of
thesynapsesin thedLGN areretinalin origin, suggestingthatactivity in thedLGN is highly modu-
latedby feedbackconnectionsandextra-retinalinputs(seeSec.2.3.4).For example,corticalinputs
andRNT/PGNinputsform feed-backloopswith dLGN relaycellsthatstronglyshapematuregenic-
ulateresponsivity. Therearereasonsto believe that thesefeedbackloopshave a greatlyattenuated
influenceduringearlydevelopment(Sec.3.4.1),but they probablydo play somerole. Further, the
feedbackloopsthemselves might undergo significantactivity-dependentdevelopmentduring this
period.Themodelalsoneglectsothersub-corticalareasthatsendafferentsto andreceive afferents
from thedLGN. Theseinteractionsmaybeimportantlyinvolvedin earlygeniculatefunctioning.

8.3.2 Activity-DependentIntra-dLGNDevelopment

It is possible,andeven likely that intra-dLGN connectivity is influencedby activity, but this
dependency is outsidethe scopeof this model. Othermodelshave investigatedthe simultaneous
developmentof feed-forward connectivity and lateral influence(SiroshandMiikkulainen, 1993;
SiroshandMiikkulainen,1994;SiroshandMiikkulainen,1996),thoughnotexplicitly in thedLGN.
Thesemodelshave foundthatco-developmentof thelateralconnectionscanbringaboutstereotyp-
ical lateralinteractionfunctions,andcansimulatesomedetailsof lateralconnectivity in thecortex.

8.3.3 HebbianSynapticChangeandLTP

Thereis little referenceto the linkagesbetweenHebbianlearningandLTP in this thesisbe-
causethereis a mismatchbetweenthe investigationsof LTP thatarepossibleat this point andthe
typeof datathatcoulddirectly inform modeldetails.Presumably, LTP in thedevelopingdLGN is
betterdescribedaseitherscaledor unscaledby thepreviousweight,andknowing whichversionof
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weightupdatewasmoreaccuratewould adda valuableconstraintto themodel.Unfortunately, the
dataonLTPis notwell suitedto answeringthis typeof question(DanMadison,personalcommuni-
cation).In orderto definitively differentiatebetweenscaledandunscaledHebbianlearning,datais
neededontemporalscalesof weeksandspatialscalesof hundredsor thousandsof neurons.Theex-
perimentsto datethatinvestigateLTPconcentrateontemporalscalesof minutesto daysandspatial
scalesof afew neurons.At thesescales,LTPis dominatedby thesaturationof synapticpotentiation
(presumablybecausethereis neitherthetime nor theresourcesto activate“dormant” synapsesand
build new synapses).Hopefully, asthedataon LTP becomesmoreclearandmorerelevant to the
issuesin this model,empiricalobservationswill help to directly constrainour assumptionsabout
Hebbiansynapticchange.

8.3.4 Activity-IndependentFactors

Themodelassumesonly themostsimpletypesof trophic andmechanicalinfluences.These
activity-independent factorsmight be quite influential in the initial setupand refinementof the
retinogeniculateprojection,but they aredown-playedin thecurrentmodel.While thecurrentmodel
doesdemonstratehow powerful activity-dependentmechanismscanbe,it doesnotaddresshow the
two typesof factorsmight dynamicallyinteractover thecourseof development.

8.3.5 VisualExperience

The developmentof the retinogeniculateprojectioncontinueswell after the early post-natal
period that is the focusof the model. For purposesof simplicity, this modelassumesthat layer
alignmentanddendriticandaxonaldevelopmenthave developedto a stablestatebeforeeye open-
ing. However, theseassumptionsarenot entirelyaccurate.For example,X- andY-RGCsundergo
significantpost-visualrefinement(Sec.3.3.4),andthealignmentof thetopographicmapsbetween
layersandeyes(Sec.3.3.9) is probablyat leastpartially dependenton patternsof visual activity.
Themodelcouldbeextendedto post-visualdevelopmentby addinga moreextendedanddetailed
time-courseof theretinalactivity andperhapsmoredetailedandvariegatedRGCtypesandactivity
patterns.

8.3.6 ScaleIssues

Although it was demonstratedthat the mechanismsin the model can potentially deal with
multiple retinal domains(Sec.5.5), and the modelwassimulatedat two scales,the scaleof the
modelis J 4 ordersof magnitudesmallerthantheactualretinogeniculateprojection.This reduced
scalepreventsthemodelfrom capturingthedynamicsof a largeretinalsurfacewith many transient
subdomains.A largerscalemodelcouldusemoreof thebiologicalobservationsavailableto further
constrainthecharacteristicsof theretinalactivity, andperhapstheothermodelparametersaswell.
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8.4 Proposedexperiments

Therearesomedirect predictionsof the model that are, to my knowledge,untested.Other
predictionscould be madefrom the model behavior, but theseare the predictionsthat are most
robustacrossparameterdomains.

8.4.1 Point Spread

The model makes somestrongpredictionsaboutasymmetryand the developmentaltime-
courseof point-spreadin thedLGN. In orderfor layersegregationto developproperlyin themodel,
the inter-layer physiologicalinteractionsmustbe muchweaker thanthe intra-layerinteractionsin
thedLGN (Sec.5.9).Themodelpredictsthatthespreadof excitationshouldbewiderwithin alayer
thanbetweenlayers.To testthispredictiononecouldexciteadLGN cell with anintracellularelec-
trodewhile simultaneouslyrecordingfrom otherdLGN cellsat variousdistanceswithin thesame
layerandacrosslayersandsublayers.Failureto find this stronglyasymmetricspreadof excitation
would suggestthat additionalmechanisms(e.g. a strongerbiasin initial ingrowth and/ortrophic
factors)contributemoresubstantiallyto layersegregationthanthismodelassumes.Notethatthese
predictionsarenot necessarilyanatomical,becauseonly theeffective physiology(activity spread)
supportedby thecircuitry is important.

8.4.2 RelayCell Physiology

Thebiophysicalinterpretationof themodelmakessomeinterestingpredictionsaboutimmature
dLGN physiology. It predictsthat inhibitory andexcitatoryconductancesin thedevelopingdLGN
will be linked in a push-pull relationship. That is, as the excitatory conductancesincrease,the
inhibitory conductancesshoulddecrease(Sec.4.3.4). The model also predictsa 50% increase
in dLGN whole cell capacitanceover the courseof development. Thesefeaturesof dLGN cell
physiologycould be measuredvia intra-cellular recordingtechniques(Ramoaand McCormick,
1994a;RamoaandMcCormick,1994b)duringthefirst few post-natalweeksin orderto determine
thedynamicsof conductancechangeandthetime-courseof wholecell capacitance.

8.4.3 DifferentiationBetweenOff-CellsandOn-Cells

Themodelalsosuggeststhat theoff-centerRGCaxonalarborswill have somecharacteristics
thatdifferentiatethemfrom theon-centerRGCaxonalarborsaroundthetimeof eye-opening.They
will tendto bemorefocally arborized,and,assumingthatnormalizationis somewhatflexible, they
will tendto have moresynapticweight (Sec.5.10.3)thantheon-centerRGCs. Thesedifferences
resultfrom thepronounceddifferencesin theonandoff-centerRGCfiring ratesduringtheperiodof
on/off sublayersegregation.Thesefeaturesof axonalarborizationcouldbeinvestigatedthroughan-
terogradestainingandtracingof theon-andoff-centerRGCs,andperhapsthroughthecomparison
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of previouslyextractedaxonalarbors(for example,Mastronarde,1992;Dalvaetal.,1994;Sretavan
andShatz,1984;SretavanandShatz,1987).

8.5 Conclusion

Neuraldevelopmentis a complex, robustandpowerful process.Theneuralcircuitry develops
with whatseemsto bea woefully inadequateamountof geneticinformationavailableto determine
its structure.Theretinogeniculatesystemprovidesawindow into thefeaturesof neuraldevelopment
thatmakethisfeatpossible,andthismodelhelpsto characterizethecrucialmechanisms.Hopefully,
thiswork will provideausefulframework organizingsomeof thebroadrangeof investigationsinto
thedevelopmentof this systemandneuraldevelopmentin general.



Appendix A

LGN Updateand Regularization

This appendixexplains the relationsbetweenthe equationusedfor dLGN activity updatein the
currentmodel(Eq.4.2),andtheimageprocessingapproachknown asregularization(Poggioet al.,
1985;Blake andZisserman,1987;Black andRangarajan,1996). Regularizationessentiallyblurs
an imageso asto denoiseit andinterpolatemissinginput values. A commonimplementationof
regularization,is expressedbelow (for the1-dcase).KMLONQPSRUTV WYX Z [[]\_^a` bdc V WYX \e` KULfNQTV Whg R X \e` KULfNQTV W PSR XQi (A.1)

Where
K LfNQPSRUTV WYX is the imagevalueat position j andtime k \l[ , c V WYX is theoriginal imagevalue(i.e.

input) at position j , and ` is a spaceconstantthatdeterminestheamountof blurring performedby
theregularization.This equationis iteratively applieduntil theimagereachesasteadystate.

Thechangein imagevalueatpoint j andtime k is,m K V WYXm1n Z KULfNQPSRUTV WYX o KMLONQTV WYX (A.2)

SubstitutingEq. A.1 for
KMLONQPSRUTV WYX yields a versionof the updateequationthat is independentof the

specifictime k . m K V WYXm�n Z [[8\p^a` bdc V WYX \_` K V Whg R X \e` K V W PSR X iSo K V WYX (A.3)

This equationcanberestatedin a form thatassumesa constantinfluenceof thenearestneighborsK V Whg R X and
K V W PSR X (i.e. they arenot scaledby ` ):m K V WYXm�n Z `[]\p^a` b [` c V WYX \ K V Whg R X \ K V W PSR X iqo K V WYX (A.4)
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In this formulation, a large ` (e.g. ` Z ^hr versus ` Z [ ) tendsto decreasethe influenceof
the original imagerelative to the influenceof neighbors,andtendsto increasethe strengthof the
positive blurring processrelative to thenegative stabilizationterm

K V WYX .
InterpretingthedLGN activationsastheimagevalues,

c V WYX asthesynapticallyweightedretinal

input to thedLGN andaddinga furtherscalingfactorof s ` to this input (in orderto generatethe
properscalingof dLGN responsivity overdevelopment,Sec.4.3.4),makesthisequationequivalent
to thedLGN updateequation.m K V WYXm1n Z `[]\p^a` b [s ` tvuEw V W u XyxaV u X \ tWhz�{ K V WYX iSo K V WYX (A.5)

where| includesthenearestneighborsof cell j .

Fortunately, thereis a naturalway to handleboundariesin the framework of regularization.
Theterm }RUP�~ } canbegeneralizedto }RUP (# of neighbors)} . Theunequalcontribution of inter-layer

andsublayerneighborsnecessitatestheadditionof ascalefactoraswell.

Thegeneralform of thedLGN updateequationism K V WYXm�n Z `[]\ b�� Whz {�� W i ` b [s ` t u w V W u X x V u X \ tWhz { � W K V WYX iSo K V WYX (A.6)

where � W is theinteractionstrengthfrom theneighboringneuron. � W Z [ in thecaseof intra-layer
neighborsand � W = theinter-layeror inter-sublayerinteractionstrengthin thecaseof neighborsin
differentsublayers.



Appendix B

LGN Updateand the Membrane Equation

This appendixdescribestherelationsbetweenthedLGN updateequationandthemembraneequa-
tion. Thegoalis to establishanalgebraicrelationshipbetweenthedLGN updateandthemembrane
equation,andto derive expressionsfor theconductancesin themembraneequationin termsof the
retinalandgeniculateactivities andtheblurring parameter̀ .

ThedLGN updateequation(Eq.4.2) is,m K V WYXm�n Z `[8\p^a` b [s ` c V WYX \ K { iqo K V WYX (B.1)

droppingthescalefactor
R� } amplifiesthedLGN response,andyieldstheequation,m K V WYXm�n Z `[�\_^a` bdc V WYX \ K { i�o K V WYX (B.2)
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K V WYX Activity of dLGN cell jK { � Whz�{ K V WYX , where| includesthenearestneighborsx V u X Activity of RGC �w V W u X Synapticweightfrom RGC � to dLGN cell jc V WYX � u w V W u X x V u X , theeffective retinalinput to dLGN cell j�
Learningrate�
MembraneCapacitance�>� Leakconductance�>� Excitatorysynapticconductance� N Inhibitory synapticconductance� � Excitatorypotential� N Inhibitory potential

TableB.1: Thesymboltablefor thetermsusedin this appendix.

Themembraneequation(Eq.4.3) is,

� m K V WYXm�n Z o b �h� K V WYX \ � � b K V WYX o � � i \ � N b K V WYX o � N i�iZ �>� � � \ � N � N o b �>� \ �>� \ � N i K V WYXm K V WYXm�n Z �>� � � \ � N � N o b �>� \ �>� \ � N i K V WYX�
By assumingthefollowing equalities:

� Z [�\_^a``� � Z c V WYX \ K {� �� N Z b �>� \ � � o � i K V WYX� N o K V WYX
ThedLGN updateequation(without

R� } ) andthemembraneequationcanbeequated.� � � � \ � N � N o b �>� \ � � \ � N i K V WYX� Z [� bdc V WYX \ K { i�o K V WYX (B.3)
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Theequalitiesabove suggeststhat � � and � N arein apush-pullrelationship,whereincreasesin� � areoffsetby correspondingdecreasesin � N , andtheexactdynamicsareinfluencedby �>� andthe
blurring factor ` .

B.1 Derivation

Eq.B.3 canberestatedas:� � � � \ � N � N o b �h� \ � � \ � N i K V WYX Z bdc V WYX \ K { iSo � K V WYX (B.4)

Collectingtermsfrom � � � � \ � N � N Z c V WYX \ K { \ b �>� \ � � \ � N o � i K V WYX (B.5)

By assumingthat, � N � N Z b �>� \ � � \ � N o � i K V WYX (B.6)

Eq.B.5 canbesimplifiedto: �>� � � Z c V WYX \ K {� � Z c V WYX \ K {� �
whichyieldsanexpressionfor theexcitatoryconductancethatreliesonly ontheinputactivitiesand
theactivities of theneighboringdLGN cells.

Eq.B.6 canbesimplifiedto yield anexpressionfor theinhibitory conductance.

� N � N o � N K V WYX Z b �>� \ � � o � i K V WYX� N b � N o K V WYX i�Z b �>� \ � � o � i K V WYX� N Z b �>� \ � � o � i K V WYX� N o K V WYX
Assuming

� N Z r theequationsimplifiesto:
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� N Z b �>� \ �h� o � i K V WYXo K V WYX� N Z o b �h� \ � � o � i



Appendix C

EigenmodeAnalysis

C.1 Translation into Matrix Notation

This sectionfirst expressestheweightupdatein termsof theinput activities andthespreadof
activity in theLGN. In orderto do so,it will prove usefulto expressthemodelin matrixnotation.

TheLGN updateequation,m K V WYXm1n Z `[]\p^a` b [s ` tvu w V W u X x V u X \ tWhz�{ K V WYX iSo K V WYX (C.1)

canbeexpressedmorecompactlyandintuitively in matrix notation.By assumingthattheconstant
scalefactors(i.e. thosefactorsthatinclude ` ) areincludedin � and� , andlikewisethediagonalof� incorporatesthelastterm(i.e. theself-inhibition/leak term),this equationcanbewritten simply
in matrix notation. m �m1n Z � � \ � �

(C.2)
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K V WYX Activity of LGN cell jx V u X Activity of RGC �w V W u X Synapticweightfrom RGC � to LGN cell j�
learningrate�
Vectorof dLGN activities� Vectorof retinalactivities� Matrix of synapticweights,where� V ��� X Z w V W u X� Matrix of intra-LGN interactionweights,where� V � � �%X is the
interactionstrengthbetweenLGN cell j�� andLGN cell j ,� V ��� � X Z r if jp�� | W���
Expectedcross-productof vectorof retinalactivities ���q� ���
where

� V � � �%X Z �d���)� � , themeanproductof theactivities
of RGC � � andRGC � .�
A linearoperatorthat incorporatestheactionsof
V, C andthesubtractive normalizationruleonW.

TableC.1: A symboltablefor thetermsusedin this appendix.

ThesteadystateLGN potentialscanbefoundby settingtheir changeequalto 0.

r Z � � \ � �o � � Z � �� Z b o � g¢¡ i � �
Theweightupdateequationfrom thesubtractive versionof themodel:m w V W u X Z �£K V WYX�xaV u X (C.3)

cansimilarly beexpressedin matrixnotation.m � Z � � � � (C.4)

where
� ��� is thecross-productbetweenthegeniculateandretinalactivity vectors.Substitutingthe

steadystateLGN potentialsyields, m � Z � b o � g¢¡ i � �q� � (C.5)
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C.2 Corr elation Formalism

The first step toward the eigenmodeanalysisis to make the assumptionthat the synaptic
weightschangevery slowly relative to the retinal inputs. Under this assumptionwe can move
from theformulationthatexplicitly dependson theindividual inputs,to a formulationthatdepends
on theexpectedcross-productof theinputs ���q� �Q� — thematrixC.

TakingEq.C.5,ignoringthesteplearningrate(becauseweareno longerdealingwith individ-
ual time-steps),andsubstitutingthe expectedproductmatrix (C) in for the retinalactivities ( �q� � )
yields: m � Z b o � g¢¡ i � �

(C.6)

C.2.1 NormalizedEigenmodes

Themethodfor calculatingtheeigenmodesrequiresa bit of restructuringof termsin orderto
includetheactionof normalization.Theapproachtakenhereis stackthecolumnsof W to construct
thevectorw. Usingthis vectorconstruction,theactionof o � g¢¡

andC is equivalentto thatof the
linearoperator

�
, suchthat(cf. Eq.C.6):¤ N¥PSR Z � ¤ N \ ^¦ \¨§ (C.7)

where
�

is constructedby setting:

��© V W u ª W�� u �fX«Z o � g RV W�� u �¬X � V W u X��­ V W u ª W�� u �fX Z [^ b m V W
u X¦ \ m V W�� u �¬X§ i

m V W u X Z¯® [ if j Z �r otherwise

where ¤ N¥PSR and ¤ N refer to the weight vector at time k \°[ and k respectively,
� ©

(the weight
update/growth operator)and

� ­
(thesubtractive normalizationoperator)areboth

¦ §²± ¦ § . This
constructionrelatesthe entriesin the o � g¢¡

andC matricesto the stacked form of w. Likewise,
thedoubleindices( j���³�j��y��� ) correspondto thestacked positionof entriesin

�
suchthat ´ j���³�j��y���fµ

is equivalentto [ j \ ¦ b � o [ i ³�j � \¨§ b � � o [ i µ .
The growth andthenormalizationoperatorsarecombinedin orderto yield a linear operator
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that producesan updatedandnormalizedweight vector (
w NQPSR ) from a given weight vector (

w N ).
First,we definetheunnormalizedweightchange(

m]¶¤ ) as,m]·¤ Z � © ¤ N
(C.8)

Theupdatedbut unnormalizedweightsare:

¶¤ Z ¤ N \ � © ¤ NZ b�¸ \ � © i ¤ N
whereI is theidentity matrix. Thenormalizedweightsare:

¤ NQPSR Z ¶¤ o ��­ ¶¤Z b�¸ o � ­ i ¶¤Z b�¸ o � ­ i b�¸ \ � © i ¤ N
this yieldsthelinearoperatorof interest:� Z b�¸ o � ­ i b�¸ \ � © i (C.9)

The eigenvectorsof this operatordescribethe dominantgrowth modesof w underunscaled
weightupdateandsubtractive normalization(ignoringtheconstantfactor

~¹ P¢º from Eq.C.7). The
eigenvaluesdescribehow quickly the eigenmodeswill grow relative to eachother. For display
purposes,theeigenvectorsof » arereshapedinto an

¦ ±¼§ matrix soasto bedirectly interpretable
asmodesof weightmatrix growth. If thenormalizationwasexact,all of thecolumnandrow sums
in eacheigenmodebe0, but thesimultaneouspreandpost-synapticnormalizationusedhereis only
approximate.As a result,someeigenmodessupportgrowth thatis relatively unnormalized.



Appendix D

The Covariance-Ruleand SparseInputs

Undersomecommonassumptionsaboutactivity-dependentchangein synapticcircuits,sparsein-
putsareeffectively moreanti-correlatedthanthey appear. To my knowledge,this factandits role
in activity-dependent developmenthasnotbeendiscussedpreviously.

A commonlyusedformalismfor synapticchangeis thecovariancerule,whichincorporatesthe
Hebbianprocessof strengtheningconnectionsbetweenco-active cells,andis robust to changesin
thebaselinelevel of pre-andpost-synapticactivity. Consideringasystemwith severalpre-synaptic
cellsandasinglepost-synapticcell, thecovariancerule is,m w Nm1n¾½ b � o �d� � i b j N o �dj N¿� i (D.1)

wherethe changein the synapticweight from pre-synapticneuron k (
m w N ) is proportionalto the

covariancebetweenthe post-synapticactivity ( � ) and the pre-synapticactivity ( j N ), whereangle
bracketsdenoteaverages.

If
w N changeslittle in responseto eachinput (i.e. the learningrate is small), thenonecan

averagetheeffect of all presentationsof theinputsandphrasethesynapticchangesin termsof the
covariancebetweentheinput activities, m ¤m�n Z � ¤ (D.2)

wherew is thevectorof synapticweightsandC is thecovariancematrix for the inputs. Thechar-
acteristicsof the covariancematrix determinehow the synapticweightsgrow over development
(Miller, 1990;Miller andMacKay, 1994;Miller, 1996;Eglen,1997).

In termsof a singlesynapse,the covariancerule canbe characterizedby 3 situations:when
bothcellsareabove theirmeanfiring rates,thenthesynapseis potentiated(long-termpotentiation,
LTP); whenoneis above its meanfiring rateandthe other is below its meanfiring rate thenthe
synapseis weakened(long-termdepression,LTD); andwhenbothcellsarebelow theirmeanfiring
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j N jÁÀ b j N o �dj NM� i b j)À o �dj)À � i j��N jÂ�À b jÂ�N o �dj��N � i b j��À o �dj��À � i
1 1 [ ��Ã 1 1 [ �hÄ
1 0 o [ ��Ã 1 0 o ^ �hÄ
0 1 o [ ��Ã 0 1 o ^ �hÄ
0 0 [ ��Ã

Cov � b j N o �dj NM� i b j)À o �djÁÀ � i � r o [ �hÄ
Corr

b
Cov � b�Å W1Æ Å WÈÇ i�i 0 o [ �hÄÊÉ ^ �hË ZÌo [ �hÍ

Table D.1: Demonstrationthat eliminating zerosin non-correlatedinputs resultsin negative correlations. “Cov”
denotescovariance,“Corr” denotescorrelation,andanglebracketsdenoteaverages.

ratethesynapseis potentiated.Becausethereis noknown biophysicalmeansof potentiating“quiet”
synapses(whereboth preandpost-synapticcells aresilent), this third situationis often explicitly
disregarded.Quietsituationscanbe ignoredby assumingthat thepre-synapticcell’s activity must
exceeda thresholdin order for the synapticweight to change(Willshaw andvon der Malsburg,
1976;Eglen,1997;Linsker, 1986). Likewise,non-linearsynapticchangefunctionscansimply go
to zerowhenthepreandpost-synapticinput aresilent(Bienenstocketal., 1982).

While the omissionof silent inputswould seemto be a relatively trivial decision,in fact it
hasimportantramificationsfor developmentbecauseit decreasesthe covarianceandcorrelation
betweeninputs.Considerthenumericalcaseof two inputsgivenin Table1. Thisexampleillustrates
thatuncorrelatedinputsbecomeanti-correlatedwhenthesilentperiodsareignored.Themoresilent
periodsoriginally present(i.e. themore“sparse”theinputs),themorepronouncedthedecreasein
correlation.

It is oftenassumedthatnegative correlationsmustbepresentin C in orderto achieve compe-
tition/segregationbetweengroupsof inputsundera covariancebasedsynapticgrowth rule (Miller,
1996; Eglen,1997; Linsker, 1986). The presentanalysissuggeststhat in lieu of anti-correlated
inputs,thenecessarycorrelationalstructurecanarisefrom alearningrule thatignoressilentperiods
combinedwith sparseuncorrelatedinputactivity.
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